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Chapter 1
Summary
Growing evidence that most (if not all) of the genome is transcribed into RNA that does not code
for protein presents an interesting challenge to the definition of a gene. Many of these transcripts
are only transiently expressed, which complicates the process of finding and characterizing these
genes. Genomic SELEX provides a platform for discovery of such sparse, yet functional, RNAs
by enriching those which confer binding activity out of a pool of genomic RNAs of varying
length. The screen is an in vitro evolutionary strategy that begins with these genomically-
encoded RNAs, which is subjected to rounds of selection for an activity of interest, usually
binding a protein or small molecule. High-throughput sequencing can provide a more complete
picture of the landscape of the resulting “genomic aptamers”, binding elements enriched with
genomic SELEX. Here, we will first describe how high-throughput analysis can be used to monitor
the changes in sequences in the presence and absence of a selection step. We propose the “neutral
SELEX” control experiment as a means for detection of false positive rates and biases that can be
treated as a background signal. We proceed to show an example of positive selection of genomic
aptamers binding pleiotropic protein Hfq, and how genomic analysis and interactive databases
uncovered a trend that Hfq genomic aptamers accumulate antisense to intergenic regions in
polycistronic genes. Finally, we present an algorithm for detecting minimal motifs required of
genomic aptamers, and provide biochemical evidence that the predicted RNAs are sufficient for
binding. This dissertation contributes several advances in the methods used during genomic
SELEX, the initial computational analysis, experimental design for target confirmation, and it
provides evidence that genomic SELEX is a powerful tool for the discovery of novel non-coding
RNAs.
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Chapter 2
Zusammenfassung
Der Beweis, dass der Großteil, wenn nicht sogar die Gesamtheit des Genoms in RNA umgeschrieben
wird, stellt eine interessante Herausforderung fu¨r die Definition eines Gens dar. Viele dieser Tran-
skripte werden nur kurzfristig exprimiert, was eine zusa¨tzliche Herausforderung bei der Entdeckung
und Charakterisierung dieser Gene darstellt. Genomisches SELEX stellt eine Methode dar, die
geeignet ist, aus einer Bibliothek genomischer RNAs seltene aber funktionelle RNAs zu entdecken,
die Bindungsaktivita¨t besitzen. Die Methode stellt eine evolutiona¨re in vitro Strategie dar, die
damit beginnt, dass ein Genom vollsta¨ndig in RNAs unterschiedlicher La¨nge transkribiert wird,
und anschließend in mehreren Runden von Selektion und Amplifikation jene Moleku¨le angereichert
werden, die eine vorgegebene Aktivita¨t besitzen, meistens Bindung an ein Protein oder an ein
kleines Moleku¨l.
”
High-throughput“ Sequenzierung der angereicherten Bibliotheken kann ein
genaueres Abbild der Verteilung der
”
genomischen Aptamere“ liefern, welche als Bindungsele-
mente, die mittels genomischem SELEX angereichert wurden, definiert werden. In dieser Arbeit
werden wir erstmals beschreiben, wie eine high-throughput Analyse verwendet werden kann, um
die Vera¨nderung der Sequenzen wa¨hrend eines SELEX Experimentes mit und ohne Selektion zu
verfolgen. Wir schlagen dieses
”
neutrale“ Kontrollexperiment als eine Methode vor die Rate
der falsch positiven und des Grundrauschens zu bestimmen und das Basisrauschen zu definieren.
Anschließend wird das Ergebnis einer positiven Selektion fu¨r Aptamere, die an den pleiotropen
Regulator Hfq binden gezeigt. Die Etablierung eines Datenportals, welches interaktiv mehrere
Datensammlungen fu¨r Analysen zuga¨nglich macht, ermo¨glichte die Beobachtung, dass diese Ap-
tamere vor allem in der intergenischen Region des antisense Stranges liegen. Schließlich wird
hier ein Algorithmus pra¨sentiert, welcher die minimalen Sequenzen identifizieren, die Aptamere
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fu¨r ihre Bindungsaktivita¨t beno¨tigen. Diese Dissertation liefert mehrere Fortschritte fu¨r Metho-
den im Bereich des genomischen SELEX: anfa¨ngliche bioinformatische Analysen, experimentelle
Strategien fu¨r die Besta¨tigung von erhaltenen Zielsequenzen und vor allem zeigt diese Disser-
tation, dass genomisches SELEX ein leistungsstarkes Instrument ist um neue nicht-kodierende
RNAs zu finden.
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Chapter 3
Introduction
3.1 Genomes
Genomes are the carriers of genetic information, encoding the information necessary for phenotypic
traits in living things and viruses. The organisms they encode are expressed via the production
of RNA through RNA polymerases and, subsequently, proteins via RNA-rich apparatuses called
ribosomes. They are composed of DNA, with a few exceptions of RNA genomes in viruses. They
can be as short as 2 kilobases in the Circoviridae family of viruses, 580 kilobases in the smallest
bacteria, Mycoplasma genitalium, to 3.1 gigabases in the human genome.
Likewise, the organization of genomes varies quite a lot. For example the E.coli genome is
made up of mostly (˜90%) protein coding loci which are transcribed into polycistronic RNAs,
or RNAs that encode multiple proteins in a set of co-regulated genes. Human genomes, on the
other hand, contain mostly non-protein-coding DNA, with the protein-coding fraction comprising
only 1.5% of the total genome size. The rest of the genome is comprised of introns (DNA
between exons, protein-coding portions of genes, that are removed from the message), repetitive
sequences, regulatory sequences, unattributed sequences and non-coding RNA.
The “central dogma” of molecular biology, proposed in the 50s by Francis Crick, stated
that the role of RNA was to serve as an intermediary between the protein-coding information
in the DNA and the proteins they encode. Three types of RNAs were the only ones necessary
for this task: messenger RNA (mRNA) which encodes amino acid sequences form proteins,
ribosomal RNA (rRNA) which forms the large apparatus called the ribosome, responsible for
protein production, and transfer RNA (tRNA) which enters the ribosome to match the coding
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sequence of the mRNA to the appropriate amino acid during elongation of proteins.
However, the idea that RNA itself can function as a catalyst for other purposes than the
production of protein began to surface with the discovery of ribozymes, RNAs that catalyze
reactions as an enzyme does, often cleavage of RNA. This idea gave rise to a whole new field in
molecular biology, leading to the discovery of new mechanisms of gene regulation and catalysis.
These genes were largely believed to be targeted and regulated transcripts, just as protein-coding
genes are.
This view is still being revised. Recent data has suggested that most, if not all, of the genome
is transcribed (reviewed in [1]) and many of these RNAs are of unknown function but have signif-
icant conservation [2, 3]. This includes regions of repeat sequences, once thought to be “junk”
DNA, and other regions of the genome thought to be constantly protected from transcription by
DNA-packaging proteins. This pervasive transcription has led scientists to consider all possible
structures and functions of these widely varying RNAs that are encoded in the genome, generally
referred to as non-coding RNAs.
3.2 Non-coding RNAs
Non-coding RNAs, or ncRNAs, is a term that has largely been used to describe any RNA with
no known function or protein-encoding sequence. The term does not indicate a specific function,
however many functional RNAs have been termed ncRNAs. The term “fRNA” to indicate “func-
tional”, has been proposed but is not frequently used. We will use the term “ncRNA” to mean
an non-coding RNA with a function. The entire repertoire of RNA functions still remains to be
fully grasped, as the vast majority of ncRNAs are uncharacterized, even if they are known to be
present in the cell.
RNA is transcribed to a single strand, and folds into structures co-transcriptionally. An RNA’s
so-called native structure, or functional structure, can be self-determined, although proteins,
metabolites and other RNAs can influence the final structure of the RNA. The function of a
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Figure 3.1: Secondary and tertiary structure of
tRNA. The secondary structure of tRNA (right) involves
the complementary base-base contacts of the fold. Ter-
tiary, or 3D structure, is usually determined after sec-
ondary contacts are made (left). An RNA’s structure is
integral to its function, as can be seen here. The anti-
codon pairs with the mRNA to read the code, and occurs
as a loop. An amino acid binds the aminoacyl stem, and
the structure of the tRNA positions the amino acid to
polymerize the protein. Reprinted with permission [7].
ncRNA is largely dependent on its structure (see Figure 3.1 for an example). Many researchers
have suggested that structures with lower minimum free energy (a more energetically stable
structure) are an indication of functional ncRNAs [4, 5, 6].
ncRNAs have been found in a variety of model genomes through large-scale sequencing ex-
periments [8] and are necessary for many vital processes in the cell. They were originally thought
to be <500nt, however recent discovery of many long ncRNAs or macro ncRNAs of lengths in the
kilobase range suggest a diversity of lengths [9]. Most ncRNAs have been discovered serendipi-
tously, suggesting that many more will still be characterized, and that an overall picture of ncRNA
genomics is yet to be determined.
3.2.1 ncRNAs in prokaryotes
Most known prokaryotic ncRNAs are short and sometimes referred to as short RNAs or sRNAs.
The major known functions of sRNAs are the down-regulation of mRNA translation via base
pairing in trans or modulation of protein activity through binding. Additionally, some mRNAs
contain structures in translated and untranslated regions which regulate its own translation via
temperature sensing or binding to a metabolite or protein. Many are mechanistically well-studied,
and the multitude of techniques in prokaryotic systems has helped elucidate the structure-function
relationship of ncRNAs.
Among the better-known sRNAs is the E.coli MicF RNA, which acts as a regulator to the
outer membrane porin protein F, ompF, and is transcribed antisense to the ompC locus, which
shares regulatory promoter sequence [10]. The location of MicF thus makes it a trans regulator.
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Figure 3.2: The 6S RNA acts as a template to E.coli RNA Polymerase. RNA synthesis
begins at the red arrow and ends just 20 nucleotides downstream of the start. σ70-RNA Poly-
merase remains in complex (core and σ-factor), and serves to occupy RNA Polymerases and down
regulate σ70 promoted genes. Reprinted with permission [12].
The OmpC protein is a homo-trimer that forms a smaller pore on the outer membrane than
that of OmpF. The simultaneous down-regulation of OmpF and up-regulation of OmpC is part
of a concerted stress response to stress stimuli, regulating closing off the membrane to harmful
substances. The MicF RNA forms partial and imperfect complementarity to the ompF mRNA
near the start codon, regulating its translation. One third of the MicF RNA participates in the
predicted duplex, but other structural elements stay intact. Other outer membrane proteins are
regulated by other Mic RNAs via a similar mechanism, as do many other of the well-studied E.coli
sRNAs such as OxyS, RyhB, DsrA and istR-1 [11].
The E.coli 6S RNA is an example of a “riboregulator” that attenuates protein activity. The
E.coli RNA polymerase, the protein responsible for transcribing DNA into RNA, forms a complex
with one of seven σ factors in its active form, and they act to bind the core polymerase to specific
types of genes. The σ70 factor is the most general, involved in housekeeping genes necessary to
keep the cell alive. 6S has been found to interact primarily with the σ70-RNA polymerase. As
shown in Figure 3.2, it is taken as a template for short transcripts with the polymerase, lowering
transcription levels in E.coli stationary growth phase, and to a lesser extent, exponential growth
phase [12].
3.2.2 ncRNAs in eukaryotes
Through the course of evolution, the number of protein-coding genes has not increased nearly
as dramatically as the number of ncRNAs [13]. Thus characterizing the various functions of
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ncRNAs, and further making generalizations on the evolutionary purpose of pervasive transcription
in general will prove to be a much bigger challenge than expected. Despite this, non-coding RNAs
have been classified as follows. Two major categories, infrastructural and regulatory, have been
defined. Infrastructural ncRNAs include tRNA, rRNA and snRNAs. The major defined types of
regulatory ncRNAs are microRNAs (miRNAs), Piwi-interacting RNAs (piRNAs), small interfering
RNAs (siRNAs) and long-non-coding RNAs (lncRNAs) or macro RNAs, RNAs that are greater
than 200nt in length. The first three classes are parts of the RNA interference (RNAi) machinery,
which is a multi-enzyme pathway for specific translational repression of mRNAs via base pairing
of regulatory RNAs.
The number of well-studied long ncRNAs is growing rapidly, and evidence seems to indicate
that they comprise the majority of eukaryotic ncRNAs [13]. The Air RNA is a 108kb transcript,
and is transcribed antisense to the lgf2r promoter in mice [14]. Its function is to sustain the
imprinting of the maternal allele of the lgf2r mRNA, and its transcription appears to be mutually
exclusive of the sense lgf2r mRNA. BC1 RNA is a neuronally expressed ncRNA also in mice that
affects behavior and anxiety in knockouts [15]. Human Y RNAs are up-regulated in cancer cells
and are identified as necessary factors for chromosomal replication [16].
3.3 RNA-binding proteins
RNA-binding proteins are a remarkably diverse class, and appear to have evolved more quickly as
the number and size of introns in eukaryotes increased [17]. It is thought that the vast majority
of active ncRNAs in cells function only in complex with protein, in a so-called ribonucleoprotein
(RNP) complex [18]. Although they must be bound to protein to be active, the active component
of RNPs are often the RNA, e.g. the omnipresent RNase P RNA-cleaving ribozyme, DNA
telomerases and snRNAs involved in mRNA splicing.
Since RNA is always negatively charged, RNA binding domains of proteins usually carry a
positive charge and aromatic side chains are exposed, allowing for hydrogen bonds between the
protein and RNA to take place [19]. One of the most widespread of such domains, the RNA
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recognition motif (RRM), is a conserved domain across all kingdoms of life, suggesting that
RNA binding is a function that bridged the once RNA-only world to the modern DNA and protein
world. Furthermore, this motif has significant similarity to other RNA binding domains, indicating
a specificity of RNA interactions with their protein domain counterparts. This domain is usually
variable in the terminus and loops of the structure, which confers the binding specificity.
Several other RNA binding domains have been well characterized. The double-stranded RNA
binding domain (dsRBD) binds double stranded RNA of any sequence with no sequence specificity
except that the double strand must be of a requisite length [20]. The Piwi Argonaute and Zwille
(PAZ) domain is an essential component to the RNA interference machinery, which specifically
degrades mRNAs based on complementarity of a short portion of the bound RNA to the mRNA.
Others include the single-stranded RNA interacting K-homology domain, the DEAD/DEAH box
and the Sm-like domain, which is a part of the Hfq protein.
3.3.1 Hfq: an sRNA conspirator
Hfq is an abundant, pleiotropic, global regulator protein found in many microbial organisms. It
binds RNA with high specificity with its Sm-like (LSm) domain, a domain which was first discov-
ered in Hfq and has homologs across all domains of life [21]. Discovered as a host factor for phage
Qβ (thus the name Hfq), the function and phenotype of Hfq is broad and still being uncovered.
Hfq deletion strains lack virulence, have reduced efficiency in translation of stress-related σ-factor
S, a lack of motililty in Salmonella strains, over-accumulation of outer membrane proteins and
have decreased viability in low-gravity conditions [22]. Mechanistically, the protein is under-
stood to bind sRNAs directly and mediate an interaction to its target mRNA, forming imperfect
complementarity and ultimately leading to degradation of the mRNA, blocking or exposing trans-
lational signals, protecting from ribonuclease cleavage, or exposing 3’ polyadenylation, leading to
degradation.
LSm proteins have a characteristic ring-shape, and Hfq’s homo-hexameric structure is no
exception. Two sequence motifs, Sm1, 32 amino acids long, and Sm2, 14, are present in Hfq,
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and roughly correspond to the two faces which are known to bind one RNA each, thus facilitating
RNA-RNA interactions. The two faces recognize distinct motifs, one of which could be conceived
as mRNA specific, making the other for sRNAs. However, the exact binding mechanisms are not
all characterized due to the broad range of sequences that bind, i.e. sRNA-sRNA and mRNA-
mRNA interactions are also possible. Most interactions that have been well-characterized are with
single-stranded RNA, however, it is not inconceivable that some structured RNAs bind as well.
There is in vitro evidence that Hfq acts to stabilize mRNA-sRNA complexes, and further that
these complexes remain stable after detaching from Hfq. Hfq also appears to be the necessary
ingredient for sRNAs to find its partner, however, despite its abundance, the excess of cellular
RNA would make this a difficult task for Hfq to effectively do alone. Hence a model of rapid
cycling of RNAs has been proposed, and in vitro data support this [23].
Many RNAs associated with Hfq have been sequenced [22], and the diversity and universality
of Hfq’s activity is clear. However, the full extent of the RNA-protein network of which Hfq is a
key component remains to be fully understood.
3.3.2 RNA Polymerases
Transcription of DNA into RNA takes place via large, multi-subunit enzymes known as RNA poly-
merases. RNA polymerase activity is present in all known forms of life, and the RNA polymerase
core enzymes are all evolutionarily related. RNA polymerases bind to DNA promoter sequences,
which are signals in the genome that mark the beginning of an RNA transcript and can specify the
type of gene it is, and when and where (which cell types, in the case of multicellular organisms)
to transcribe it. While polymerase activity is highly conserved, the regulation of initiation and
termination are divergent, as differential gene expression is a crucial, if not the most important,
factor in the way cells behave and function.
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Figure 3.3: The structure of Hfq. Its largely positive charge
distribution (blue) makes it a strong RNA-binding protein, as
RNA is negatively charged. Hfq has a homo-hexameric shape
and binds RNA on two sides, the proximal (top) and the distal
(bottom). Bound RNA is not shown in the proximal side, how-
ever, the bound RNA forms a smaller ring on the proximal side,
and unlike the distal motif of AAYAAYAA (Y is a pyrimidine),
the proximal side prefers sequences with U-rich stretches. It is
thought that the proximal side can be somewhat specific to mR-
NAs and distal to sRNAs, however neither side is exclusive of
any category of RNA. Despite active study of the protein, some
of its structural elements still need to be resolved, including its
long, unstructured C-terminal domains (CTDs), as well as the
nature of RNA interactions in the presence of CTDs. Models for
Hfq’s ability to promote the formation of duplex RNA are also
still being developed. Reprinted with permission [24].
A B
Figure 3.4: RNA Polymerases. Although bacterial RNA Polymerases (A) are much simpler
than eukaryotic PolII (B), they share many structural similarities. Reprinted with permission [25].
14
Prokaryotic RNA transcription
Bacterial RNA polymerase has a 4-subunit core with a 5th σ subunit in its active form (Figure
3.4), as has been previously alluded to. The σ factor forms the basis of promoter recognition and
confer specific binding of the RNA polymerase, causing it to initiate regulated transcription. The
enzyme is responsible for unwinding of the DNA and forming a so-called bubble of unpaired DNA
strands, which is bound to the core during the entire transcription process. During transcription,
the σ factor is lost, allowing the core enzyme to bind the DNA more tightly. The RNA polymerase
creates a DNA-RNA hybrid on the template strand with the sequential addition of base-pairing
ribonucleosides, and proceeds in the 5’-3’ direction.
Termination of transcription is also very strongly controlled. Bacteria have a specific termi-
nation signal, a sequence forming a hairpin structure followed by four or more U’s, that cause
the polymerase to pause in the middle of transcription and ultimately dissociate with the DNA
and RNA. This mechanism is known as ρ-independent termination, named after the alternate
pathway of termination in bacteria, ρ-dependent termination, which is termination based on a
cytosine rich signal, causing the ρ protein’s helicase activity to free the RNA of the RNA-DNA
hybrid.
Eukaryotic RNA transcription
RNA Polymerase II (PolII) is one of 5 known eukaryotic RNA Polymerase enzyme complexes.
It is responsible for the transcription of almost all protein coding genes. It is a homolog to
the prokaryotic RNA polymerase, but is far more complex (see Figure 3.4). The the most well
studied PolII, S.cerevisiae PolII, is a 12-subunit enzyme that is over 500 kDa. The protein shows
significant homologies in all subunits in its human counterpart [26]. Unlike prokaryotes, eukaryotic
transcription is regulated by a class of proteins known as transcription factors, and the regulation
process is much more complex.
While there are 5 different RNA polymerases in eukaryotes (PolIV and PolV are only found
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in plants), we will focus our attention to PolII. While PolII share similarities to prokaryotic RNA
Polymerase, one major difference is the very long carboxyl-terminal domain (CTD) of the largest
subunit, Rpb1. It is a 220 kDa stretch of repeats of the amino acid YSPTSPS sequence. The
phosphorylation states of the CTD are critical to its termination. “Open complex” PolII, a
conformational state in which it is ready to accept a DNA helix, is present with no phosphorylated
residues. In order for PolII to get past initiation and leave the promoter of a gene, the CTD
must become phosphorylated, and PolII is able to leave the DNA once the CTD is heavily
phosphorylated.
Prior to DNA binding, a so-called pre-initiation complex (PIC) is formed. This involves the
concerted efforts of several general transcription factors (GTFs), known as the TATA-binding
protein (TBP), TFIIA, -B, -C, -D, -F and -H. These perform various functions to recruit the
polymerase. TFIIH is critical because it is required for breaking the double stranded DNA,
creating the transcription “bubble”. The TBP binds the eukaryotic upstream consensus promoter
sequence, TATA. Significantly, PolII is not known to bind an initiate transcription on its own in
vivo, unlike the prokaryotic RNA polymerase, and requires these factors.
The machinery that guides the regulation of transcription is complex and multifaceted. It
is generally known as the transcriptional regulatory network, named for the fact that the many
participants, transcription factors, interact not only with the DNA but also each other to attenuate
transcription of RNA. These have, until recently, been believed to be the only meaningful form
of PolII regulation.
Riboregulation of RNA polymerases
As mentioned, the regulation of RNA Polymerases is thought to be carried out by a class of
proteins called transcription factors. However, recent results have shown that RNA alone can also
act as an inhibitor and direct binding partner to PolII, providing a quick response in heat shock. For
example, the SINE repeat-encoded mouse B2 RNA binds to PolII and blocks its interaction with
the promoter DNA, and the PolIII transcript is up-regulated in heat shock [27, 28]. A homolog
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Figure 3.5: Structures of the SINE-encoded human Alu RNA and mouse B1 and B2
RNAs. Structures were determined with chemical probing. Only Alu-RA and B2 are active.
While they seem structurally distant, the two hairpins serve as contact points to the polymerase.
Reprinted with permission [29].
in human, the Alu RNA, also performs a similar function [29] (see Figure 3.5 for structures of
these RNAs). The actual binding domains for all these RNAs have been more or less isolated,
but the precise mechanism remains to be elucidated. Kugel and Goodrich propose that there is
a “docking site” for riboregulators on the PolII complex, which has been functionally evolved for
such interactions. However, this site has not been precisely delineated.
What is known is that the entirety of PolII, besides the active site and CTD, is negatively
charged. The positively-charged active site is a very strong candidate for these interactions. A
more carefully studied RNA that inhibits PolII is the FC aptamer, which was isolated from an
artificial in vitro selection of RNAs binding PolII [30]. In this work, the authors show that the
activity of PolII alone in the presence of a DNA template is inhibited in the presence of FC RNA,
and that it binds with high specificity. Over-expression in yeast, however, showed no phenotype.
Additionally, the presence in yeast extract transcription systems does not confer inhibitory activity
(Karen Adelman, pers. comm.). Nevertheless, the in vitro results with PolII alone led the Cramer
group to discover the minimal binding RNA, FC∗, and crystallize the structure in complex with
PolII [31]. The structure revealed that the aptamer forms a bent helix that mimics the shape of
the entering DNA and the DNA-RNA hybrid at the active site, thereby blocking the binding of
PolII to DNA.
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Thus far, bacteria have been discovered to have the aforementioned 6S RNA, which binds
the active site of RNA polymerase and coerces transcription of its own sequence from RNA to
RNA. Interestingly, other RNAs, such as an in vivo inactive form of 6S, and other RNAs, are
capable of RNA polymerase riboregulation in vitro, despite the lack of noticable phenotype or
activity in vivo. This mirrors the situation with FC∗. However, in the presence of tRNA, binding
of these inactive molecules is lost, suggests that the interaction between 6S and RNA polymerase
is specific and unique [12]. Indeed, an essential component of the inhibition, the retention of the
σ70 in the RNA polymerase complex seems to drive the specificity of the interaction. While 6S
seems to be a stationary phase inhibitor of σ70-promoted genes, σS genes are up-regulated as a
result of 6S over-expression. Likewise, in the case of Alu and B2, almost all genes are inhibited
in vivo during heat shock, except specific heat shock genes, suggesting that the interaction with
PolII involves multiple factors.
3.4 Systematic discovery of novel non-coding RNAs
The discovery of ncRNAs is very problematic. An early and still commonly used approach to
the discovery of gene function is the genetic screen, which is a method involving the random
DNA mutation of a population of organisms, in order to discover a phenotypic effect. When a
phenotypic change is found in one or more organisms in the population, the mutation is then
mapped, by one of various techniques, to discover the gene responsible for the change. However, it
has been suggested that since mutation in protein-coding sequences produce a greater phenotypic
effect than those in regulatory sequences and ncRNAs, that genetic screens have an intrinsic
sampling bias, leading to the more ready detection of functional proteins than ncRNAs, despite
their abundance in the genome [32]. This might also explain the relatively recent discovery of
the functions of ncRNAs.
Furthermore, the sheer complexity of genomes, and their genome-wide presence makes the
problem of filtering interesting ncRNAs even more difficult. These “interesting” RNAs have been
discovered in regions of the genome that were largely considered to be “junk”. Thus the ideas
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Figure 3.6: Methods for detecting novel functional ncRNAs. (A) Direct RNA sequencing
is the original and first method, and still has some advantages over other methods but is not in
as wide use today due to the huge increase in inexpensive sequencing technologies. (B) RNA
sequencing through library creation is commonly used. Sometimes total RNA is used, but the
RNA can be co-immunoprecipitated with a protein of choice. The RNAs can be sequenced using
traditional cloning or high-throughput methods. (C) Microarrays provide a fast and inexpensive
analysis of a population of RNAs in a sample. (D) Genomic SELEX is seeing more use, and is
discussed extensively in this dissertation. Reprinted under the Nucleic Acids Research open access
license [34].
of what constitutes a function in an ncRNA is rapidly changing, and the question of whether any
DNA should really be considered “junk” at all is yet to be answered [33].
All of this has led researchers to explore novel methods for ncRNA gene discovery. They fall
under three major categories: a method of massive sequencing of RNA transcripts isolated from
cells known as RNomics, computerized or bioinformatic searches and the expression-independent
technique of Genomic SELEX.
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3.4.1 RNomics
Soon after the sequencing of the first draft of the human genome was completed in 2000, the
term “RNomics” was coined to refer to experimental approaches to discover complete collection
of RNAs that an organism produces [35, 36]. The following techniques are summarized in Figure
3.6.
Early RNomics approaches focused on the polyacrylamide gel resolution of total RNA extracted
from a cell, followed by direct sequencing of the RNA using traditional Sanger methods [34]. This
has an intrinsic bias in that only highly abundant RNAs will be detected on ethidium bromide
stained gels. To circumvent the abundance bias, RNAs can be labeled with γ32P-ATP to detect
low abundant RNAs. Another alternative is the use of co-immunoprecipitation of a protein and its
bound RNAs from the cell in order to enrich protein-binding RNAs. These direct RNA sequencing
methods have the advantage over all current methods in that the RNAs are directly sequenced,
and no reverse transcriptase is required to convert the RNA into cDNA, which is known to exhibit
some bias and difficulty in synthesizing longer, structured sequences [37].
However, the use of cDNA libraries has the advantage that DNA can be amplified using
polymerase chain reactions (PCR) or cloned into a bacterial artificial chromosome (BAC) and
automatically sequenced. This procedure can be done in higher volumes and thus facilitate the
discovery of many more RNAs. To isolate ncRNAs from mRNAs, total RNA is size selected for
the range of 50-500nt, as many ncRNAs tend to be that size [34]. To generate the full length
cDNAs, the RNAs are then ligated with a combination of either oligo primers or poly(C)-tails,
generated by poly(A) polymerase (which can take CTP, to a lesser extent, as a substrate), reverse
transcribed, then cloned into vectors. Individual colonies can be sequenced and subsequently
analyzed. This technique has been widely used for identification of ncRNAs in mice, plants, fruit
flies and bacteria, among others. The method has the advantage of yielding higher volumes of
data, yet has two major disadvantages: (i) it is intrinsically biased toward the sizes selected,
which is unacceptable for the aforementioned macro ncRNAs, which can be kilobases in length,
and (ii) it requires that the reverse transcriptase is able to fully polymerize cDNA from the RNA.
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This can be problematic for structured RNAs, as mentioned, as well as RNAs with modifications
to the backbone.
Another technique with the potential for high-volume ncRNA discovery is the use of microar-
rays to discover the presence of certain RNAs in a sample. A microarray is a glass chip that
contains DNA probes in tiny “spots” in a square grid [38, 39]. Unlabeled probes of DNA oligonu-
cleotides are specifically added to cells in the array, and fluorescently labeled molecules, cDNA or
RNA, are washed over the array. The fluorescence intensity at each of the spots indicates both
the presence and quantity of the target molecule relative to other targets in the array can be
measured. This was originally employed for the detection of relative levels of mRNAs in differ-
ent samples, but as the number of probes per chip increased, “tiling” arrays, arrays containing
oligos covering the entire genome in a tiled fashion, were introduced to address whole-genome
transcription levels [40]. This method has the advantage that it can measure the presence of
many more sequences than cloning analysis, is (now) inexpensive and fast. However, the data
can contain noise, and requires downstream analysis for verification. Additionally, since the tiles
are not at nucleotide-level resolution, the precise start and end points of the putative transcript
cannot be deduced from the data.
All these techniques are under constant development, as they promise the most clear and
immediate evidence of an in vivo, potentially active, ncRNA in the cell. In all cases, though, the
techniques are subject to abundance bias, in that low abundant RNAs are much more difficult, if
possible, to detect. As well, all tissue types, conditions and time points cannot be easily accessed,
and since the rate of RNA transcription and degradation can be very fast, isolation of some RNAs
may be impossible via random detection with these RNomics methods.
3.4.2 Bioinformatic searches
Computer programs have been long developed for analysis of RNA molecules. The basis for most
RNA search algorithms is minimum free energy calculation for an RNA secondary structure. Al-
ready in 1981, a seminal work which became known as the Zuker algorithm became the standard
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Figure 3.7: The CMFinder algorithm. The
CMFinder algorithm is an example of the use of
covariance models (CMs) to find novel ncRNAs
[47]. The alignment on the upper left shows an
example (a fragment of the full structure shown
here) of covarying structure. In all three species,
the same structure would be formed, but the se-
quences are not identical, and thus vary together,
or are covarying. After locations containing this
consensus are located in the genomic candidates,
a CM is built based on the consensus structure.
Shown here, it describes the types of structural
elements in “P” meaning paired bases, “L” and
“R” meaning unpaired base to the left or right,
respectively. The consensus of the illustrated CM
is shown in the upper right. A hairpin down the
middle is branched into two other hairpins on the
left and right of the CM. The CM allows for in-
sertions and deletions and also favors covarying
base pairs. The model is updated iteratively to
find a new consensus until a significant structure
is determined. [48].
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for incorporating thermodynamic and auxiliary information for the prediction of secondary struc-
ture [41], and still forms the basis for modern algorithms [42, 43]. Optimal secondary structure
(i.e. lowest minimum free energy) predictions are however limited in that the experimentally
determined parameters are few, and that it is very common for several predicted structures to
have nearly the same energy values, thus making it difficult to determine the real native folded
state of the molecule.
This problem is often addressed with the use of similarity searches, or alignments, of evo-
lutionarily related RNA sequences. It is often the case that related RNAs will have so-called
“compensatory mutations”, changes in structure that preserve a base pairing event. For exam-
ple, if a stem of a structure has, in one species, an A-U pair, but another has a G-C pair, this
would indicate that the structure of the RNA at these bases are evolutionarily conserved, and likely
to be a true base pairing event in the native state. Many algorithms exploit this fact, including
the RNAalifold algorithm [44], the RSEARCH algorithm [45] and statistical models combining
sequence and structural information called covariance models (CMs) [46]. An example algorithm
which uses CMs is shown in Figure 3.7.
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Approaches for searching genomes for novel ncRNAs are generally based on a combination of
evolutionary conservation and structural predictions. One of the first approaches in the genomic
era was qRNA, which sets out to classify conserved regions of the genome as protein-coding,
non-coding structural RNA transcripts and position independent, or non-functional [49]. A major
problem with any such prediction program is that the minimum free energy of any RNA molecule
is dependent on the length and nucleotide content, since G-C pairs are more stable, and longer
RNAs will form more stable structures, since the free energy is calculated in an additive fashion.
Thus, a method for normalization was developed by Le and colleagues to make a length and
content-independent metric of structural stability, borrowing the mathematical concept of the
Z-score [50]. This concept can also be extended into multiple alignments of RNAs [51] and has
been applied to in silico genomic screens for significant RNA structures [52]. Algorithms which
align both structure and sequence simultaneously in a de novo fashion can also discover clusters
of conserved RNA secondary structures [53].
All these algorithms provide an expression-level independent approach to searching genomes
for novel ncRNAs. However, they all rely on the hypothesis that a functional RNA will be
conserved and have a relatively low predicted minimum free energy. This is not always the case,
and furthermore, no actual function is implicated, predicted or modeled by these programs.
3.4.3 Genomic SELEX for the detection of genomic aptamers
Genomic SELEX is an in vitro strategy for the selection of genomic aptamers. A genomic
aptamer is a genomically encoded RNA or DNA molecule that confers specific binding to a ligand.
Unlike ncRNAs, genomic aptamers are not complete transcripts, but domains within nucleic acids.
Examples of this include metabolite-sensing riboswitches, which regulate the translation of its own
encoded protein by binding a metabolite. It includes all functional and regulatory domains involved
in recognizing proteins, small molecules, metabolites and other RNAs. The full range of functional
interactions and mechanisms remains to be discovered, as many potentially functional ncRNAs
have not been found in a native, functional context, even though evidence of their transcription
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is present.
This lead researchers to look to Genomic SELEX. Based upon “Systematic Evolution of
Ligands with EXponential enrichment”, or SELEX, which was developed before the genomic era to
study the structure of RNA-protein interactions [54]. SELEX begins with a synthetic randomized
library of DNA molecules with a T7 promoter on the 5’ end, and fixed primer sequences for
amplification. The library is transcribed into RNA, which is then subjected to a binding assay.
Binding species are retained, and non-binding species are discarded. The RNAs are then reverse
transcribed and PCR amplified to make a new pool of molecules enriched in binding species. The
process is repeated several cycles, as the binding molecules become enriched (see Figure 3.6D
and Figure 4.1 for more detail). The primary difference between SELEX and Genomic SELEX is
the use of DNA derived from a genome of interest [55].
In the context of the previous two major strategies for RNA discovery, this represents an
alternative and complementary approach. The major advantage over RNomics methods is that
it is capable of screening entire genomes for potential active ncRNAs, independent of expression
level. And, unlike bioinformatic methods, the detection is neither dependent on homology nor
secondary structure. This is especially important for such RNA-binding proteins as Hfq, which
are known to be single-stranded RNA binders with a specific, short sequence binding motif, not a
structural one. Additionally, the results of this experiment can complement those of, for example,
a co-immunoprecipitation pull-down of RNAs bound do a protein of interest.
Sequencing and analysis of the final pool is an important step to the process, and is the
main focus of this dissertation. While cloning and sequencing was originally suggested [56], the
diversity of the pool and the coverage of the genome would call for the use of newer technologies,
such as high-throughput sequencing.
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3.5 High-throughput sequencing
In recent years, massively parallel sequencing has become one of the most powerful tools in ge-
nomics. The technology is advancing rapidly and the cost per sequence has decreased as the
quantities of sequences have rapidly increased. The applications of high-throughput sequencing
(HITS) are many, including genome resequencing for genotyping, analysis of DNA-bound tran-
scription factors during certain conditions and in different cell types and also nearly all RNA
strategies, especially RNomics.
All of these sequencing methods, including the original, gold-standard Sanger technique, rely
on the parallel sequencing of several colonies of identical DNA molecules. Each of these individual
colonies is synthesized and, upon sequencing is referred to as a “read”. In genome sequencing,
these reads are pieced together into larger “contigs” (short for contiguous regions of sequence),
and the whole genome ordering of these contigs is referred to as an “assembly”. But where
Sanger sequencing enabled highly accurate ab initio genome sequencing, the emphasis of HITS
methods is fast, cheap, but somewhat less accurate resequencing of known genomic sequences.
Instead of assembling reads, they are searched in the reference genome, and groups of these
mappings in the same region are referred to as “clusters”, or sometimes “contigs”. They can
indicate DNA binding site, a ncRNA transcript or a genomic aptamer, among other things.
One of the major current technologies, 454 sequencing, works by extension of single-stranded
DNA sequences in an array of thousands of tiny wells by sequential addition of each nucleotide
(A,C,G or T). Upon addition of a complementary nucleotide in a single well, luciferase is activated,
generating a light signal [58]. The intensity of the light signal is recorded via a digital camera
with many small sensors. The intensity of the signal will also indicate if several nucleotides
were incorporated at once. For example, an “AA” will have twice the intensity of a single “A”.
However, any stretch longer than 8 nucleotides might not be correctly sequenced.
Illumina sequencing technology, on the other hand, detects only one nucleotide incorporation
event at a time [57]. The nucleotides contain a reversible terminator, prohibiting additional
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Figure 3.8: The 454 and Illumina Solexa sequencing techniques. (A) Nucleotides are added
in sequential order. The incorporation of one or more of the nucleotide catalyzes an enzymatic
reaction that gives off light. The light emitted is recorded after each of the 4 dNTPs is added
and the sequence is called based on the intensity and position of the sequence in the array. (B)
The Illumina Solexa technique uses dye terminator dNTPs which give off a fluorescent signal
upon excitation and allow only one nucleotide to be incorporated into the hybrid at a time. The
fluorescence is recorded with a camera and depending on the color and position, bases are called
in the sequences. The terminator is removed for the next round of incorporation. Reprinted with
permission [57].
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nucleotides from being incorporated into the DNA-DNA hybrid. The use of fluorescently labeled
nucleotides, which are detected by laser excitation rather than enzymatic luminescence, requires
fewer copies of the DNA per cell in the array, permitting more molecules to be fit onto a single
plate.
The 454 technology can render longer reads (at time of writing, up to 1000bp) than those of
Illumina machines (100bp). The reason for this is that no terminating nucleotide must be used,
and the process takes less time. The lengths of the reads are dependent on the ability of the
required enzymes to continue synthesis. Despite the longer reads of 454, the cost is much higher,
and the overall output much lower.
The limitations of these technologies are constantly being broken down with new ideas and
smaller-scale measuring devices. Currently, a machine called the Ion Torrent is nearing production
that operates by measuring the release of a single magnesium ion, an event that occurs at the
incorporation of a single nucleotide. This technology promises not only more sequences but longer
ones, at a lower cost and higher speed [59]. Even more promising is the development of machines
which forgo synthesis altogether and measure ionic blocking fields as a single molecule passes
through a tiny pore. The method can be done without the increased use of reagents as in the
above techniques, and can be done very accurately, but has yet to be developed for production
[60]. This could, in theory, enable the direct sequencing of a DNA or RNA molecule without
additional preparation or expensive reagents.
In summary, to harness these technologies, new biochemical and genetic techniques for ex-
ploiting the possibilities, and computational techniques for processing the data are in demand.
3.6 Computational analysis of high-throughput sequencing
data
While these technologies have been a boon to the life sciences community, increasing the scale
of sequence data results at a small price, the services offered by the companies involved in the
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sequencing do not take the analysis to the end. The result of a sequencing run generally comes
in the form of a very large (gigabyte-sized) file that contains the sequences obtained, and values
associated with each sequenced base that estimates the likelihood that the base is correctly called.
Part of the reason for this is that the individual needs for any experiment past that point can
vary quite a lot, but also that a substantial amount of free, actively developed tools are available
for handling the data.
A lot of said development has been driven by the need to process experiments that fall under
the category of “RNA-seq”, which most commonly refers to sequencing of mRNA-derived cDNA
in a sample to detect differential expression of genes between cell types, or the same cell types
under different conditions [61]. This involves the initial processing and filtering of the reads,
followed by mapping to the genome, followed by splice form analysis and, finally, quantification
of the data. The last two steps are particularly intensive to interpret due to sampling bias in
preparation and sequencing itself. Thankfully, our main focus here, the analysis of genomic
aptamers from Genomic SELEX, does not require these steps, as genomic aptamers are not
spliced, and the differential analysis is not susceptible to the same sampling bias that RNA-seq
is. However, tools for the analysis after mapping of genomic aptamers are not available yet. This
dissertation describes some methods to fill this gap.
An important step in the process of read-mapping is pre-processing the reads. The reads
generally have associated error estimates, as mentioned, and all bases that fall below a certain
threshold should be removed before attempting to map to the genome. In some cases, the mapper
can take the quality values into account, however, very low-quality reads should be completely
ignored. Additionally, the sequences usually contain some sort of sequencing primer, which must
also be removed.
The goal of read mapping is to find the most likely point in the genome from which the read
sequence originates. Modern mapping algorithms are quite fast, on the order of 25 million reads
per hour on an inexpensive personal computer [62]. They exploit the fact that since the reads
themselves are short, they will need to have near exact matches to the genome in order to be
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statistically significant, and use newer data structures which allow genomes to both be stored in
small amounts memory and quickly searched. The task, as compared to homology searches, is
simple: find the region of the genome to which there is the fewest changes in the read sequence.
What becomes complicated is the fact that genomes have repeated sequences, and a single read
can map to multiple places. The common approach, when enough data is available, is to pick
one of the locations at random. If many reads still map to a single location, the result would not
be biased by its high occurrence in the genome.
Once the data is mapped to the genome, the challenge is now to reconstruct an estimate of
the experimental result based on this data. In the case of RNA-seq, the idea is to reconstruct
the original transcript that was isolated from the cell. With genomic aptamers, however, the
sequences that were returned are each individual sequences which made it through several rounds
of selection. The result is generally that there are a collection of reads of different lengths,
mapping to slightly different positions in the genome, and no single, “consensus” is immediately
apparent from the data. This dissertation shall address some techniques for finding such a
consensus as well as deriving some of the patterns of enrichment in the genome. We will do this
through the development of a couple computer algorithms and demonstrating their effectiveness
through analyses of Genomic SELEX experiments.
3.7 Algorithms and computation
Here, I would like to give a brief overview on the ideas of computation, as a basis for the algorithms
described in this dissertation. Computation itself is thought to have been invented earlier than
the concept of computation, as “algorithm” is a term that loosely defines many things in daily
life. However, more formal definitions of algorithms come from mathematics. Many consider the
work of Euclid to comprise the first algorithm, but the use of the word as a concept concretely
dates back to the 9th century by the Persian mathematician Al-Khwarizmi to describe the rules
of arithmetic in Arabic algebra. This concept maps well to the modern definition of an algorithm,
a method for calculation expressed in a list of instructions.
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The concept of computation could be thought of as a formalization of algorithms, so as to
describe how a machine might perform such tasks. The Turing machine, a thought experiment on
how a physical computer might behave, is thought to form the archetype of what would become
computers, conceived before their actual invention. Named after its inventor Alan Turing, it
provided a basis for a model of computation. The conceptual machine has a tape which can
travel in both directions. The tape has symbols which form a string, and the symbols can be
both read from and written onto the tape head. The idea is that, if a set of symbols could
be interpreted by the machine and a meaningful computation could be done, then a computer
program exists that can perform the computation.
The purpose of the machine was to imagine how a computer might behave, if it were to exist.
Modern computers still operate in an analagous fashion, with the notable exceptions of parallel
computation and more sophisticated memory schemes found in modern computers.
Not only does the Turing machine help to understand what could be computed, but it also
provides a model for how fast something can be computed. This serves as a metric for algorithm
speed. Some simple examples for this would be, for example, a program to take the average of
a set of numbers. In order to do this, the machine must read in every number, store an updated
sum and count the numbers that have been summed. Thus the “count” and “sum” must be
initialized to 0, each number requires 3 operations neglecting the moving of the tape, and then
the sum must be divided by the count and outputted. That makes 2+3N +2 operations, where
N is the number of input numbers. This is commonly indicated in “big-O” notation, which refers
to the rate at which a function grows when the values approach infinity. This means that constant
factors and numbers are dropped out, and 2 + 3N + 2 = O(N). This can be thought of as a
way of determining how long an algorithm will run as the input size becomes excessively large.
Both the time complexity of the computation and “space complexity”, the amount of memory
storage required as a function of the size of the inputs, are notated with “big-O” notation.
Computational biology introduced a very interesting challenge to the world of computer sci-
ence. Whereas most computationally-intense algorithms to date had dealt with graphics, large
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scale computing for climate modeling, and chess playing, among others, the application of com-
puting information on large databases for use on personal or smaller-scale server computers
gave way to some inventive adaptations of data structures and algorithms. This also put many
constraints on algorithm speed. Whereas algorithms of O(N6) would otherwise be considered
efficient, the practical issue of processing gigabytes of data at that complexity renders such an
algorithm nearly useless. Additionally, space complexity plays a critical role. The size of genomes
can make the amount of data that can be stored in RAM limiting.
3.8 Aims of the project
In this work we hope to address the following questions about the method of Genomic SELEX:
• How much bias does the process of SELEX introduce on the RNAs it selects, and how
should that be taken into account when selection occurs?
• What additional controls can improve the classification of background and signal?
• How can we summarize and interpret the vast data from a high-throughput Genomic SELEX
screen?
These items will be addressed in three Genomic SELEX experiments. In Chapter 4, we
propose a control experiment for SELEX in general called Neutral SELEX, and monitor the
effects of SELEX on the sequences as they go through the non-selection-related steps. In this
Chapter, we also compare this result to a pool of genomic aptamers selected to bind bacterial
global regulator Hfq. Both pools originated from the same E.coli genome-derived initial library.
In Chapter 5, we explore some ways of applying the control data on the experimental data to
discover patterns of Hfq genomic aptamer enrichment in the E.coli genome. Finally, in Chapter
6, we propose an algorithm to automatically summarize the locations of genomic aptamers and
give some biochemical evidence that the algorithm correctly predicts these locations.
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Chapter 4
Evolution of genomic aptamers using SE-
LEX
The majority of this chapter is taken from
Bob Zimmermann∗, Tanja Gesell∗, Christina Lorenz, Doris Chen and Rene´e Schroeder. Mon-
itoring genomic sequences during SELEX using high-throughput sequencing: Neutral
SELEX. PLoS ONE, 5(2):e9169, 2010. ∗equal contribution.
[63]. The chapter was mostly written by Bob Zimmermann, except Section 4.2.6 by Tanja
Gesell and contributions in the introduction and discussion from Rene´e Schroeder. The cases
where experiments and analyses were done by others are credited in the materials and methods
section.
4.1 Introduction
Systematic Evolution of Ligands by EXponential enrichment (SELEX) is an in vitro strategy to
analyze RNA sequences that perform an activity of interest, most commonly high affinity binding
to a ligand [54]. The screen begins with an initial heterogeneous pool of random sequences.
A successful RNA SELEX experiment reduces this pool to a more homogenized population of
RNA sequences exhibiting binding activity. This is achieved through rounds of selection followed
by amplification (Figure 4.1, black arrows). SELEX has been used widely, to study properties
of RNA or DNA molecules that bind to proteins, small molecules, oligonucleotides and peptides
among others [64]. Where SELEX was primarily used as a tool to analyze the structure of RNA
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Figure 4.1: The SELEX and Neutral SELEX experiments. The normal SELEX experiment
(shown with black arrows) begins with transcription of a DNA pool into RNA using T7 RNA
polymerase. The RNAs then undergo counter selection against sequences binding non-specifically
to the filter, followed by binding to the protein of choice, filtration and extraction. In order to
amplify the sequences, the RNAs are reverse-transcribed and PCR-amplified, which generates the
pool for the next cycle. Neutral SELEX (shown with the red arrow) bypasses the binding and
filtration steps and the cycle is reduced to the amplification steps of the SELEX cycle.
aptamers to a given ligand, Genomic SELEX transforms the method into a discovery tool to
screen endogenous RNAs by starting from a pool derived by random priming of the genome of
interest. The in vitro nature of Genomic SELEX as a detector of functional RNA sequences
circumvents the expression-level bias of co-immunoprecipitation and other in vivo strategies, and
also does not require a prior model, as in silico methods do [56].
With the development of massive sequencing techniques and the availability of genome se-
quences, Genomic SELEX has the potential to be used as a very powerful selection procedure
to discover genomic aptamers, i.e. sequences within RNAs that bind ligands with high affinity
and are thus able to act as sensors or receptors within regulatory domains. The binding domain
of riboswitches is a typical example of a genomic aptamer, which senses the concentration of
metabolites.
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Various researchers have suggested that functional RNAs have a more stable (lower minimum
free energy) secondary structure than expected by chance, since most known functional RNAs
depend on a defined secondary structure [4, 5, 6]. Many modern in silico methods indeed
measure structural stability as partial evidence of a functional RNA [2, 65, 66, 67]. Thus, one
might assume that since RNA sequences from a SELEX experiment are candidates for functional
RNAs, that these sequences would exhibit the same feature. Yet, in a survey comparing sequences
artificially selected with SELEX to naturally selected RNA sequences, it was observed that the
artificially selected RNAs generally, but not necessarily, had predicted secondary structures that
were less stable on average than naturally selected molecules [68]. The authors argue that the
differing principles of artificial and natural selection are responsible for this phenomenon, but also
speculate that the amplification steps could be causal. Since the analysis was carried out only on
artificially selected sequences, the question of whether the non-selection steps themselves play a
consequential role remained open.
We decided to explore the extent to which the SELEX selection procedure, independent of
selection for the activity of interest, can influence the structural stability and other features
of resulting sequences. We used an E.coli genomic library generated for the selection of RNA
sequences with high affinity to the E.coli protein Hfq [69] to perform a Neutral SELEX experiment.
The Hfq Genomic SELEX experiment included a step of binding with regulatory protein Hfq,
followed by filtration and recovery of RNAs for amplification, whereas in the Neutral SELEX
experiment, all selection steps are bypassed such that the sequences undergo no selection for
activity, and changes in the sequence characteristics result from the neutral forces in the SELEX
amplification steps only (Figure 4.1, red arrow). The pools obtained after each of the 10 rounds
of Neutral SELEX were subjected to 454 sequencing.
We then compared these data with the sequences of the positive selection for high-affinity
Hfq-binding RNAs mentioned above, which were sequenced alongside the Neutral SELEX pools.
With this, we show that the sequences under SELEX constraints shift toward less stable predicted
secondary structures and change slightly in nucleotide content with each successive round of
Neutral SELEX. However, the sequences from the Hfq Genomic SELEX pool were highly enriched
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genomic aptamers, whereas in the Neutral SELEX pool, only background levels of enrichment
could be detected. The mono- and dinucleotide content of sequences in Neutral and Hfq Genomic
SELEX pools also differed significantly. Taking our data and analyses into account, we conclude
that with sufficient sequencing and bioinformatic analysis, Genomic SELEX can be a potent
method for enriching genomic aptamers.
4.2 Results
4.2.1 Neutral SELEX experiment
To follow the evolution of RNA sequences under the constraints of the non-selective steps in
a SELEX experiment, we carried out a novel experiment called Neutral SELEX. In contrast to
SELEX, Neutral SELEX does not select for any particular activity of interest, but includes only
the amplification steps in the SELEX selection cycle, as shown by the red arrow in Figure 4.1.
Differences in the resulting sequences from the library sequences should reflect requirements for
survival in the neutral amplification steps.
We performed 10 rounds of Neutral SELEX, each round consisting of T7 transcription into
RNA, followed by reverse transcription, and PCR. We began the experiment with the genomic
E.coli library from the Hfq Genomic SELEX experiment, providing a basis for comparison to the
positively selected RNAs. The initial library and the pools after each round were 454 sequenced,
labeled 1 through 10 in the figures. We also sequenced the pool from the 3 different cycles
of the Genomic SELEX for the selection of genomic aptamers binding the E.coli protein Hfq,
which are labeled “H5”, “H9” and “H10”, the latter the result of using tRNA competitor. (See
Figure 4.2; more details of the Hfq Genomic SELEX experiment are described in Chapter 5.)
The 9th round of selection, H9, was used for comparison to the Neutral SELEX sequences. The
set of full-length 454 sequences (i.e. sequences with both primers) comprised the vast majority
(170,284 of the total 191,577), therefore, we decided to analyze only these and omitted reads
with only one primer. For all of the in silico analyses, we eliminated all primer and tag sequences.
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Figure 4.2: Size analysis of pools from the Neutral SELEX experiment. The SELEX
pools from the E.coli library should fall within the range of 106 to 556 (insert size 50-500). (A)
Initially, the experiment failed due to too many PCR cycles causing the formation of chimerical
products. (B) This was corrected by lowering the number of PCR cycles. With this, ten rounds
of Neutral SELEX could be performed without PCR artifacts accumulating. (C ) The number of
sequences recovered from 454 sequencing of each round of Neutral SELEX and the HFQ SELEX
experiment.
4.2.2 Library construction analysis
The basis for any Genomic SELEX is the initial library, and it is critical that it provides coverage
of the whole genome used for selection. While we did not sequence enough to cover the whole
genome, we did discover that with extrapolation, there was only a 25% redundancy above what
would be expected from an entirely random library (see Section 4.4.1 for details). A possible
cause of this is random priming bias, which has been previously described [70]. This bias generally
reflects the non-random nature of the genome being primed.
An additional bias can come from the favorable incorporation of stable DNA-DNA hybrids
over less stable ones. To investigate whether this might be the case, we first constructed an
in silico randomized library, based on the hypothesis that the sequences should be taken truly
random sections of the genome, deviations from this would indicate deviations from the expected
randomness of the library construction (see Section 4.4.1 for details). We estimated the melting
temperature of the primers that were incorporated in the library and compared the distribution
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Figure 4.3: Melting
temperatures of incor-
porated primers from
the genomic library
construction. The hyb-
primers contain a fixed
region and a randomized
region, the latter of which
binds the genomic DNA
during the Klenow reac-
tions. We evaluated the
randomness of the library
priming by repositioning
the library primers at
random positions in the
genome, at the same
distance apart from each
other. As compared to this
in silico-randomized library
(yellow bars), the melting
temperatures of the library
primers (brown bars) are
slightly lower, possibly due
to the preference for stable
DNADNA complexes in
the reaction. Reprinted
with permission [71].
to that of the randomized library. The results are shown in Figure 4.3. As can be seen, the
estimated average melting temperatures are slightly lower than those of the randomized library.
4.2.3 Chimeric PCR products
Upon the initial attempt at performing the Neutral SELEX experiment, we observed that the
sequences substantially increased in length, to the point where we could not observe any sequences
in the size range of the original library, as shown in Figure 4.2A. This is most likely the result of
chimerical products created in the later cycles of PCR, a known PCR artifact [72]. This can occur
when two homologous partial products anneal to each other, and is particularly liable to happen as
the primer-to-product ratio decreases. It is clear that the SELEX library is particularly sensitive to
this phenomenon, since the error was only corrected when the number of PCR cycles was reduced
to a very low 10 from the standard 25. Although this corrected the problem, this issue demands
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Figure 4.4: Effects of
Neutral SELEX on
length and distance to
genomic sequence. The
average lengths of the
sequences in each Neutral
SELEX pool, shown in
bars, decreased dramati-
cally after the library was
transcribed and reverse
transcribed into the first
round of Neutral SELEX
(left two bars), but only
steadily thereafter. The
average nucleotide became
slightly more distant from
the genomic sequence,
shown in points and lines.
The grey bar and the last
point to the right indicate
the average length and
distance from the genome
in the 9th round of the
Hfq Genomic SELEX
experiment.
Lengths and Distances of Neutral SELEX Sequences
l
l
l
l
l
l
l
l l
l
l
l
library 1 2 3 4 5 6 7 8 9 10 H9
0
30
60
90
12
0
15
0
0
1
2
3
4
5
6
Group
Av
e
ra
ge
 S
eq
ue
nc
e 
Le
ng
th
 (B
ars
)
Av
e
ra
ge
 D
ist
an
ce
 fr
om
 G
en
om
e 
Pe
r 
10
0 
Ba
se
s 
(P
o
in
ts
)
that the SELEX pools be handled specially, since the primer-to-product ratio must be high, even
at the end of the reaction. Additionally, when PCR yield was low, several parallel PCRs were
performed, instead of one PCR with several cycles, in order to prevent this phenomenon.
4.2.4 Trends in lengths and differences to the E.coli genome
We first looked at the lengths of the sequences, which are illustrated in Figure 4.4. It is important
to note that the 454 machine that was used can sequence only about 250 bp per read, whereas
the genomic library was intended to have inserts ranging from 50 to 500 bp. However, since 89%
of the sequences were full length, it would seem the estimates of average length are valid. The
average sequence length dropped sharply from 83 bases to about 68 upon initial transcription
and reverse transcription (library to first round), but only steadily declines for the remainder of
the rounds, with the 9th round at approximately 60 bp. H9 sequences are 65 bp long on average,
slightly longer than the Neutral SELEX round 9 average.
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In order to estimate the rate at which sequences mutate due to the amplification steps of
SELEX, we next determined the distance of each pools sequences from the genome, in terms of
gaps and mismatches in the best alignment to the genome. We aligned each sequence to the
E.coli K-12 genome using vmatch [73], taking the best alignment found with an E-value of less
than 1×10−10, if any. Each mismatch and gap was counted as an error, and the average distance
was computed as the number of errors divided by the total number of aligned bases. Shown in
Figure 4.4, the average percentage of erroneous bases increases only slightly with each successive
round of Neutral SELEX.
It has been previously shown that the sequencing error rate of 454 machines is less than 1%,
and that no correlation between length and error rate was observed when the sequences were
not extremely long or short [74]. Since all pools were sequenced in one run, we can assume that
mutations are induced by PCR, reverse transcription and T7 polymerase. However, the 0.9%
change in error rate from the library to the 10th round of Neutral SELEX shown in Figure 4.4 is
not very high.
4.2.5 Changes in structural stability
To compare the predicted RNA secondary structural stability of the Hfq-selected sequences and
the Neutral SELEX sequences, we used the Minimum Free Energy (MFE) Z-scores of each
sequence to determine an average Z-score for each round of Neutral SELEX, the positively
selected Hfq pool H9 and the sequenced genomic library. A Z-score compares the predicted MFE
of the initial sequence to the distribution of several (in our case, 1000) randomized sequences
of the same length and nucleotide content. The Z-score is precisely the difference, in number
of standard deviations, between the original sequence and the mean MFE of the randomized
sequences. Thus a low (negative) Z-score reflects a high structural stability contributed from the
order of the sequence, and not the nucleotide content.
As shown in Figure 4.5A, the initial library has a negative average Z-score, which differs from
the Hfq average on the right. With each successive round of Neutral SELEX, the average MFE
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Figure 4.5: Effects of SELEX on structural stability of RNA sequences. (A) Average
Z-score of sequences in the initial library (brown bar), each pool of Neutral SELEX (green bars)
and the sequences from the Hfq Genomic SELEX experiment after 9 rounds of selection (grey
bar). Numbers indicate the SELEX cycle. (B) Comparison of the distributions of Z-score of the
9th round of Neutral SELEX, the 9th round of Hfq Genomic SELEX and the genomic library.
These are all plotted next to the normal distribution (expected from random sequence), shown
with the black line.
Z-score increases, and the average Z-score becomes positive after the 3rd round, and ultimately
approaches the average of the Hfq pool. This is a clear indication that the SELEX process favors
sequences that are less structurally stable.
The average Z-score after 9 rounds of Neutral SELEX is nearly the same as the average after
9 rounds of Hfq SELEX, indicating that the SELEX process accounts for the positive Z-score of
the Hfq sequences. We also compared the Z-score distributions of these pools, shown in Figure
4.5B. The distribution of Z-score is similar in the Hfq pool and the pool from round 9 of the
Neutral SELEX experiment, further supporting the hypothesis that the neutral amplification steps
of SELEX, not Hfq, imposed a requirement of structural instability on the sequences.
This might also indicate that a sequence must be structurally unstable in order to be enriched
by SELEX. In order to determine if this is the case, we estimated the enrichment level of each
sequence by clustering the pool of positively selected Hfq sequences based on mutual sequence
identity. Each sequences enrichment was measured as the number of sequences in the cluster
to which it belonged. We visualized the relationship between enrichment and stability in a box
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Figure 4.6: Enrichment effects on positively selected sequences. (A) Enrichment level
plotted against Z-score. Sequences selected by Genomic SELEX for Hfq were clustered if the best
alignment shows mutual identity 85%. The cluster size is shown along the x-axis, and the Z-score
of the sequence along the y-axis. The sequences were binned into cluster size ranges of 10, and
the boxes represent the distribution of Z-score within the range of cluster sizes. The boxes cover
the 25%-75% range of the data, the line within the box is the median and the whiskers indicate
1.5× the interquartile range. If enrichment were dependent on a high Z-score, we would expect
to see an increase in the median Z-score as cluster sizes increase, however this is not the case. In
fact, the Z-score of any given sequence appears to vary nearly as much with enriched sequences
as with unenriched sequences. (B) As a control, we plotted the same analysis with round 9 of
Neutral SELEX, showing that enrichment is a signal of the positive selection of sequences.
plot shown in Figure 4.5A. The Z-score of the sequences did not substantially increase with
enrichment level, and furthermore the variation of Z-score is similar between the enriched and
non-enriched sequences. Therefore, it seems that SELEX favors structurally unstable sequences
in general, independent of the positive selection.
We additionally measured the enrichment of the Neutral SELEX sequences after the 9th
round using the same analysis (Figure 4.6B). As expected, no large clusters were found in the
Neutral pool. Since no sequence specificity would be expected in selection through the neutral
amplification steps, this also gives an estimate of the maximum size of clusters that appear
by chance. 2099 of the 9991 sequences in the H9 pool belong to clusters with more than 50
sequences. The largest cluster in the Neutral pool has 16 sequences, showing that positive
selection provides a clear signal of enrichment above the background.
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4.2.6 Nucleotide content
We were also interested to see if SELEX amplification steps also influence the base composition.
Since dinucleotide content influences the folding stability of genomic sequences [4, 75, 76], we
were interested in both mono- and dinucleotide content. We measured the nucleotide content in
each pool and compared this to the average content of the E.coli genome (Figure 4.7). In theory,
the library content should be identical to that of the genome. However, the library content
already shows a difference from the E.coli base composition, substantially contributing to the
Neutral SELEX differences. Assuming the genomic sequence corresponds to the genome used
experimentally, the library construction process must cause this difference. By visual comparison
of Figure 4.7A along the ten rounds, we see a clear trend of increasing A and decreasing G
content, and a weak trend of increasing U content. C content remains relatively stable. The
chart in Figure 4.7B shows substantial trend of increasing AA, AU, GU, and UA dinucleotides
and a substantial trend of decreasing in CG, GC and GG dinucleotides. Thus, the Neutral SELEX
sequences show clear trends.
However, the grey bars in Figure 4.7 reveal remarkably different trends of the nucleotide
content in the Hfq SELEX experiment. Thus, the amplification steps do not appear to impose
requirements on the sequences that hamper selection for nucleotides that may be responsible for
the binding activity of the enriched species.
4.3 Discussion
Three popular options for the detection of novel, functional non-coding RNAs are RNomics,
in silico screening and SELEX. RNomics (or cDNA sequencing) gives compelling evidence of an
active RNA molecule, however, recovering RNAs is only possible when the sequence is abundantly
transcribed. In silico screens are inexpensive, but are built upon known properties of RNA genes,
begging the question of how to discover completely new trends. SELEX requires neither expression
conditions nor a prior model, and thus provides a strong in vitro alternative to the constraints
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Figure 4.7: Trends in nucleotide frequencies of the Neutral SELEX and Hfq SELEX
Pools. Each group in the bar charts shows the difference in mononucleotide frequency (A) and
dinucleotide frequency (B) from the averages of the E.coli K-12 genome. The groups begin on
the left with the sequenced library in brown, then ten rounds of Neutral SELEX in green, and
finally the Hfq Genomic SELEX content in grey.
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inherent in these screens. Where SELEX was, in the pre-genomic era, a tool to analyze the
structure of ligand-binding RNAs or DNAs, the use of genomic sequences and high-throughput
sequencing with Genomic SELEX transforms the method into a tool to discover novel, functional
domains of genomically encoded RNAs.
Researchers have raised concerns regarding the potential for biases imposed by the amplifi-
cation steps both in print [68] and informally, but to our knowledge, there has been no attempt
to make an estimate of the precise extent of these effects. Here we present the first data set
sufficient to perform such an analysis. In analyzing our Neutral SELEX sequences, we pinpointed
requirements imposed on the selected sequences, namely, the amplification steps favor sequences
of lower structural stability, shorter sequences and (more weakly) sequences of some specific
nucleotide content. These mostly derive from selectivity rather than mutational changes, as we
saw negligible levels of sequence mutation due to PCR. We also showed that the distinction be-
tween binding sequences and neutrally selected sequences is much stronger in terms of nucleotide
content and enrichment.
Along the way, we obtained sequences that can be useful in distinguishing signal from noise
in the final enriched pool. Specifically, it can be useful to sequence the genomic library alongside
the final pool. This can be especially important when dealing with repetitive genomes, because
determining enrichment of a repetitive sequence is dependent on the copy number of the genome
used, as well as any biases from whatever library construction method is employed. Sequences
from a parallel Neutral SELEX experiment can also be useful in determining positional enrichment,
e.g. the sequence surrounding translation start and stop signals [69], as well as enrichment of
a motif, since there seems to be a slight bias in nucleotide content of the neutrally selected
sequences.
Similar phenomena have been observed by Meyers and colleagues in a survey of SELEX-derived
aptamers as compared to naturally occurring ones [68], as well as by Hallegger and colleagues,
where SELEX was performed to detect RNA structural motifs with affinity to RNA editing factor
ADAR, which binds dsRNAs, but no perfect double-stranded RNAs were sequenced from the
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resulting pool [77]. The authors were nevertheless able to detect structurally stable motifs among
the recovered sequences, even if they do not represent the true, dominant binding motif. On the
other hand, other SELEX experiments have resulted in the enrichment of highly structured and
stable aptamers, which bind their respective ligands with high affinity [78]. Interestingly and in
accordance with our observation, several in vitro selected aptamers were applicable as synthetic
riboswitches, probably due to their low structural stability in the absence of the ligand. Both
neomycin- and tetracycline-aptamers could be introduced into the 59 UTR of eukaryotic genes,
without impeding translation in the absence of the ligand, but undergoing allosteric changes and
down regulating translation in the presence of the ligands [79, 80].
Our data extensively quantify the effects of SELEX on the evolution of sequences. We have
shown that SELEX will have difficulty enriching some stable sequences. Libraries of Genomic
SELEX, however, have lower complexity than those of random SELEX, making a strong, natural
binder much more likely to be enriched. The genomic context of the genomic aptamers enriched,
for example nearby transcripts, histone marks, or repeats, can also provide further clues about
the candidates’ functions. One can envision many applications of Genomic SELEX as a com-
plementary approach to in vivo and in silico methods. We are confident that Genomic SELEX
will be used extensively to determine the RNA regulatory network in cells, by identification of all
regulatory RNA aptamers in RNA binding proteins involved in chromatin remodeling, transcrip-
tion, post-transcriptional processing like alter- native splicing, editing and localization as well as
translation regulation.
4.4 Materials and methods
4.4.1 Quality assessment for the E.coli genomic library
All 454 -sequenced reads from the genomic library and other pools were assigned to regions in
the K-12 genome by taking the best alignment found by vmatch [73]. Alignments were made by
finding the best complete alignment diverging from the genomic sequence by no more than 80% of
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the bases. To determine the best alignment, we used our own scoring scheme, S =M− 2(MM+G)
L
,
where M is the number of matches, MM , mismatches, G, gaps and L is the length of the query
sequence. We measured the coverage of the library by dividing the total genomic bases covered
by alignments by the total number of bases in the genome. The coverage of the genomic library
found was 4.33%. We then wanted to know, given the amount of the sequence data obtained,
how much coverage is expected from a library amplified from truly random genomic regions. This
was done by generating in silico randomized libraries by repositioning every read to a random point
in the genome. This was repeated 10,000 times, and the coverage of each randomized library was
measured as before. The distribution had a minimum coverage of 5.32% and maximum coverage
of 5.42%, and a mean of 5.376± 1× 10−6%. From these sets the mean coverage divided by the
coverage of the sequences library results in a redundancy rate of 25%.
Melting temperatures for the random primer sequences were computed using the basic formula
for short oligos [81], Tm = 2(A+ T ) + 4(C +G) + log10Na
+ − log10 0.05, where A, C, G and
T represent the respective number of each nucleotide in the sequence and Na+ represents the
mM content of salt in the solution.
4.4.2 Neutral SELEX experiment
The Genomic SELEX method, on which the Neutral SELEX method is based, has been described
in detail [56]. The primers used were fixFORT7 and fixREV. The T7 sequence comprises the
first 21 nucleotides on the 5’ end of fixFORT7. We used a library originally generated for an Hfq
Genomic SELEX experiment (by Christina Lorenz, see [69]), generated as described in the protocol
[56]. The DNA library was re-amplified with Fermentas Pfu polymerase in 10 cycles. Optimal
yield was achieved with 3 mM MgSO4. Transcription of the library and each successive pool
was carried out with NEB T7 polymerase, incubating for 2 hours, and performing the standard
deactivation and NEB DNaseI treatment. Prior to setting up RT-PCR experiments, RNA was
incubated for 5 minutes at 95◦C and cooled on ice for at least one minute before adding to the
reaction. RT-PCR was done with the QIAGEN One-Step kit, using 10 cycles and otherwise using
46
Name Sequence 5’ → 3’
fixFORT7 CCAAGTAATACGACTCACTATAGGGGAATTCGGAGCGGG
fixREV CGGGATCCTCGGGGCTG
fixFor 454 Tag GCCTCCCTCGCGCCATCAGNNAGGGGAATTCGGAGCGGG
fixRev 454 Tag GCCTTGCCAGCCCGCTCAGNNCGGGATCCTCGGGGCTG
Table 4.1: Primers used in Neutral and Genomic SELEX experiments. The T7 promoter is
highlighted in red, and the pool tags are highlighted in blue.
the standard protocol without Q solution.
The sequences were prepared for 454 sequencing using the following primers: fixFor 454 Tag
and fixRev 454 Tag. In both of these primers, the 454 adaptors comprise the first 19 nucleotides
from the 5’ end, followed by the “NN” sequence tag, and all nucleotides 3’ of this tag come
from the fixFOR and fixREV primers of SELEX. All 10 rounds of Neutral SELEX, as well as the
Genomic SELEX library, and round 9 of the Hfq SELEX experiment were sequenced, and the
“NN” sequence is a tag indicating to which of these pools the sequence belongs. In order to get
sufficient yields, two rounds of Pfu PCR were performed with 8 cycles each. The samples were
sent to Vertis Biotech for primer removal, mixing and 454 sequencing.
4.4.3 Filtering of sequences
The 191,577 sequences obtained from 454 sequencing were annotated using a script that employs
vmatch [73]. All sequences were constrained to have an exact match of the fixFOR and fixREV
primer, and a matching bucket tag on both ends. The sequences used for analysis had no primers
or bucket tags. The final pool contained 170,284 sequences.
4.4.4 Genomic analysis of Neutral SELEX results
The E.coli K-12 genome was downloaded from GenBank [82] (accession NC 000913). The
distance from the genome was determined with genomic alignments using vmatch, as described
in Section 4.4.1. Distance was calculated as the total number of mismatches and gaps in the
alignment divided by the length of the query (454) sequence.
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Sequences were clustered using the vmatch program -dbcluster option, requiring clustered
sequences to show mutual 85% identity, and the alignments be at least 20 bases long.
4.4.5 Z-score calculations of SELEX results
To calculate Z-scores, the sequences were folded using RNAfold from the ViennaRNA package
version 1.7.2 [42], using default parameters. Sequences were also shuﬄed 1000 times preserving
dinucleotide content as described by Altschul and Erickson [83] and implemented in the squid li-
brary [Eddy, unpublished]. For each sequence i we computed normalized Z-scores of the minimum
free energy mi, with
Zi =
mi − µi
σi
, (4.1)
where the mean µi and the standard deviation σi are calculated from the shuﬄed sequences
of i respectively. In cases where all predicted free energies of the folding sequences were exactly
identical the standard deviation could be 0, making the Z-score undefined. This occurs when no
base pairing was possible, for example in short, homogeneous sequences. We eliminated these
sequences from analysis, since they occurred rarely, in only 625 of the 170,284 sequences.
The distribution of these Z-score, and all other numeric-based charts in these figures, were
visualized using the R package [84].
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Chapter 5
Enrichment patterns of E.coli genomic ap-
tamers of Hfq
Portions of this chapter are taken from
Christina Lorenz, Tanja Gesell, Bob Zimmermann, Ursula Schoeberl, Ivana Bilusic, Lukas Ra-
jkowitsch, Christina Waldsich, Arndt Von Haeseler, and Rene´e Schroeder. Genomic SELEX for
Hfq-binding RNAs identifies genomic aptamers predominantly in antisense transcripts.
Nucleic Acids Research, pages 3794-808, 2010.
Only sections that Bob Zimmermann was directly involved in analysis and/or writing are
included in this thesis. All figures and text are reprinted with permission.
5.1 Introduction
In the previous chapter, we showed that the Genomic SELEX procedure exhibits some bias
toward unstructured RNAs, but that the enrichment of an RNA itself is not contingent on its
unstructuredness. The experiment that demonstrated that was a Genomic SELEX screen for
genomic aptamers binding the pleiotropic microbial global regulator protein Hfq. In this chapter,
we will discuss the enrichment patterns of sequences found in this screen, and compare them to
the sequences found from the Neutral SELEX experiment.
Typically, systematic searches for RNA genes have relied upon either deep sequencing of
RNA preparations taken from cellular contexts, or bioinformatic discovery of sequences that show
significant predicted secondary structures. While the former, the in vivo approaches, offer the
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strongest evidence of an active RNA molecule, they are subject to the bias of transcriptional
abundance. Transiently or conditionally expressed RNAs have been shown to be potent, as in the
examples of the SINE-encoded mouse B2 and human Alu RNAs which are expressed under heat-
shock conditions and down-regulate RNA Polymerase II activity [27, 29]. The latter, the in silico
approaches, circumvent such expression-level bias, however are constrained to the discovery of
RNAs with either significant homology or significant structure, or both. This can be detrimental
to the discovery of less-structured RNAs that bind specifically due to Watson-Crick interactions
with the target.
Therefore, Genomic SELEX has the potential to be a strong alternative and complement
to these approaches, as it has no expression-level bias and offers direct evidence that the RNA
interacts with the bait protein. In order to demonstrate the potential of this method, we chose
the global regulator and RNA-binding protein Hfq from the E.coli K12 strain, using the E.coli
genome for a starting library. The protein was initially discovered to be the host-factor for the
Qβ phage, where the protein gets its name. Phenotypes of E.coli hfq mutants are broad, as
Hfq is involved in the regulation of many E.coli genes [85]. It stimulates interactions of RNA
molecules [86], in some cases facilitating the interaction of sRNAs with target mRNAs, leading
to their subsequent degradation [22, 87, 88].
Here, we have applied the Genomic SELEX technique to enrich genomic aptamers that bind
Hfq. We introduce the concept of the enrichment sequence, which enables computationally faster
and conceptually clearer analyses of the sequencing result, and can be applied in other places.
This revealed that Hfq genomic aptamers are located primarily antisense to coding regions and
intergenic regions on polycistronic transcripts and are under enriched in sense coding regions,
suggesting that potent binding events could occur in vivo when antisense transcription takes
place. When taking all enrichment sequences surrounding translation start and stop signals
into account, a significant peak of enrichment above background supports this notion. The
enrichment sequence of many of the most strongly enriched genomic aptamers are shown to peak
within intergenic antisense of polycistronic genes.
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Figure 5.1: RNA recovery rates during each round of Hfq Genomic SELEX. RNAs
were transcribed with radio-labeled nucleotides and concentration was measured via scintillation
counting. Low stringency conditions (10mM RNA and 1mM Hfq) were applied for the first
five consecutive cycles to firmly establish a population of binding species. Then stringency was
increased by reducing RNA and Hfq concentrations (50nM RNA and 5nM Hfq). We obtained
recovery rates of up to 3.0 and 3.6% for SELEX with and without competitor, respectively.
Since a 10-fold molar excess of RNA over protein was used to support competition, these values
correspond to 30 and 36% of the total amount of RNA able to bind Hfq, assuming a single
binding site on the protein.
5.2 Results and discussion
5.2.1 Analysis of genomic aptamers binding Hfq
We constructed an E.coli genomic library [55, 56], which we used to isolate and identify high-
affinity Hfq-binding RNAs. This library was transcribed into RNA and used for several consecutive
cycles of SELEX for enrichment of Hfq-binding RNAs via filter binding, as described in Section
5.3.1 (see previous Figure 4.1). We selected high affinity Hfq-binding RNAs over 9 iterative SELEX
cycles, applying increasingly stringent conditions (Figure 5.1). tRNA competitor was added in a
parallel selection after increasing stringency for 5 rounds. We performed deep sequencing using
454 sequencing technology (see Section 4.4.2, Figure 4.2C for details), sequencing rounds 5,
9 and 10 with tRNA competitor. Round 10 with tRNA competitor had several low-complexity
sequences which could not be mapped to the genome (data not shown), and so we chose to use
round 9 only for this analysis.
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Figure 5.2: Sequences from the
enriched pool of cycle 9 were
deep sequenced using the 454
technique. 8865 of the total
9991 were reliably mapped to
the E.coli genome. Colored bars
represent the number of reads
from each cluster. In grey are
the clusters with a single read.
The depth of the clusters with
50 or more reads is indicated.
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After eliminating the primers and those reads that did not match to the E.coli genome
unambiguously, 8865 reads remained. Each read was grouped into a cluster based on overlap with
other reads. In Figure 5.2, the bar demonstrates the number of reads contained in cluster regions
of the genome. 1522 individual clusters were obtained. Among these clusters, approximately
half (775) contain only one read, which we take as an indication that the sequencing is still not
exhausted. Table 5.1 lists those clusters that contained more than 50 reads. The chromosomal
location and the function of the gene product are indicated. It is worth mentioning that most of
the enriched aptamers are antisense to genes coding for proteins involved in the cells interaction
with the environment. The most highly enriched aptamers map to the universal stress protein
gene (upsG), enterobacterial common antigen (ECA), transporters and membrane proteins.
5.2.2 Motif discovery
To discover a possible common motif in the Hfq-binding sequence data, the sequences were
subjected to motif recognition. We have excluded all clusters with less than two reads, to ensure
that we do not include any artifacts in the motif search. The remaining clusters had an average
sequence length of 90bp. For this collection of clusters, MEME (version 4.1.1) [22, 89] was
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applied. The resulting 7-mer motif is shown in Figure 5.3. The representation of these related
motifs within E.coli was analyzed. The 7-mer was found 365 times within protein coding genes
and 712 times on strands opposite to protein coding genes. Hence, the factor of the 7-mer motif
for asRNAs over mRNAs is 1.95. The antisense/sense ratio for the 8-mer motif is 1.3.
It was recently discovered that a short motif 5’-AAYAA-3’ within the rpoS mRNA leader
greatly affects the annealing rates of the sRNA DsrA to its target rpoS mRNA. Hfq accelerated
the annealing of DsrA to the rpoS mRNA more than 50-fold. Deletion of the 5’-AAYAA-3’
motif from the rpoS leader mRNA had only a slight effect on the binding affinity to Hfq, but it
practically abolished Hfq’s capacity to accelerate DsrA/rpoS annealing [88]. The 5’-AAYAA-3’
motif is contained within the identified motif of the genomic Hfq aptamers. This would indicate
that these motifs could be involved in promoting annealing of the antisense RNAs with their
target sequences.
5.2.3 Enrichment sequences
In order to do further analysis of genomic patterns in enrichment, we developed the concept of
the enrichment sequence. The enrichment sequence represents the precise number of reads at
each genomic base that are aligned to it from the experiment (for a more formal definition, see
Section 5.3.3). Therefore, we store two sequences, one for each strand, as long as the E.coli
chromosome, containing a number at each position representing the number of reads that aligned
to that position. This offers a convenient way to calculate enrichment of a particular genomic
feature or region, as well as the enrichment patterns in the individual clusters.
The calculation of the enrichment of genomic features involves counting the number of reads
that were mapped within the feature and dividing by the length of the feature to normalize for
Figure 5.3: From the clusters of size 10 or greater,
a motif was discovered. This motif corresponds to
a previously discovered binding domain of the rpoS
mRNA [88].
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the length of the sequence. However, this calculation assumes that the fragments are of equal
length. In the case of Genomic SELEX, a sequence of greater length confers greater coverage of
the feature, and is therefore of greater value. The computation of the total amount of sequences
overlapping a feature is greatly simplified both conceptually and computationally with the use of
enrichment sequences.
For example, without an enrichment sequence, if we were to count the number of reads within
coding sequence (CDS) features, we would start by counting the number of reads that overlap
these features, multiplying by the length of each read, and then excluding parts of the reads that
did not land within the feature. This requires that we examine, or search, all the mappings to
the genome and count their overlap to CDS features. This type of analysis is done quite a lot,
and is much more computationally expensive than the following calculation:
EnrichmentCDS =
|G|∑
p=0
Ep · ICDS(p) (5.1)
where Ep is the enrichment sequence value at genomic position p (i.e. number of reads
mapping to base p), and ICDS(p) is the indicator function that is equal to 1 if p is within a
CDS. In addition to being conceptually simpler, using a stored enrichment sequence reduces the
computation to linear in the length of the CDS sequences, instead of the total lengths of the reads.
(The actual algorithm to count would not scan the whole genome and compute the indicator
function at each position, but instead use a list of regions containing CDS in the genome and
summing the value of E contained in the regions.)
It can also be seen that the locations of the highest points of the enrichment sequences
contain the binding motif 5’-AAUAA-3’, included in the “peak hills” (a concept introduced in
Chapter 6) of 9 of the 10 top Hfq genomic aptamers. This goes along with the idea that the
enrichment sequence indicates, at the base level, which regions of a genomic aptamer confer
stronger binding to the target than others.
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5.2.4 Location of Hfq aptamers within E.coli genes
Using the calculation described in Equation 5.1, for different feature types, we determined the
overall enrichment of different features, shown in Table 5.2. Notably, sense coding sequences are
under-represented 3-fold, and all antisense features are over-represented.
From the total 8865 mapped reads, 84% are located within annotated E.coli genes, whereby
15% map to the sense strand of mRNAs and 69% map to the antisense strand. Thus, Hfq
aptamers are 4-fold more frequent on the antisense strand than the sense strand. 9.9% of the
reads were in regions that are not annotated and only 0.5% within non-coding RNAs.
5.2.5 Genomic aptamers web portal
A collaborative, interactive database was designed for the purpose of analyzing genomic aptamers.
The database schema was made to be extensible, such that new analyses could be applied as
data became available, and it would be automatically displayed in the browser without revision
of the database schema or infrastructure. Sequences were considered “nodes” on a graph of
inter-related entities. Reads were connected to clusters via “edges”, as were clusters connected
to their corresponding genomic regions. A sequence could have any number of “reports”, which
would each be rendered alongside each sequence. These included such things as secondary
structure predictions and enrichment sequences. Enrichment sequences are rendered as positional
Feature Genomic
Type Distribution Sense Antisense
CDS 90.78% 14.94% (-3.0) 68.73% (+1.5)
Intergenic 4.18% 2.70% (+1.3) 3.20% (+1.5)
misc ncRNA 1.04% 0.13% (-7.8) 0.43% (+2.4)
Unattributed 4.01% 9.88% (+2.5)
Table 5.2: Distribution of features types in the Hfq SELEX pool. The first column shows
the genomic distribution of each type of feature. Then, the enrichment within each feature type
of the Hfq SELEX is shown. The fold enrichment, with respect to the genomic distribution, is
shown in parentheses, “+” indicating over- and “-” indicating under-representation. Note that
ratios are calculated in terms of both strands, e.g., CDS is 45% of the 2-stranded genome and
antisense CDS is another 45%.
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histograms, many of such figures are shown in Chapter 6. The concept is illustrated in Figure
5.4. The database is available at http://alu.abc.univie.ac.at/hfq.
5.2.6 Antisense intergenic enrichment of Hfq genomic aptamers
While the above genome-wide analysis in Section 5.2.4 pointed out that many genomic aptamers
were mapping antisense to coding sequences, manual inspection with the web portal described in
Section 5.2.5 revealed that many of the aptamers were enriched antisense to intergenic regions
in polycistronic mRNAs. We decided to ask the question if there was a positional effect relative
to translational start and stop sites on the enrichment of Hfq genomic aptamers. To do this,
we aligned segments of the enrichment sequence at start and stop codons and summed them.
The fold enrichment in these positions over the Neutral SELEX pool is shown in Figure 5.5. A
very strong antisense peak lies just upstream of and downstream of the start and stop codons,
respectively. Interestingly, as well, is that there is an under-enrichment of sequences in the sense
direction of coding regions.
Due to the limited sequencing, it is possible that only a few very enriched clusters near
translational signals would account for the peaks in Figure 5.5. To determine whether this was
the case, we calculated p-values based on randomizing the strands of all clusters. Based on the
null hypothesis that randomizing the strands would generate many instances of a greater or equal
sense:antisense ratio, the peaks and minima appear to be statistically significant (see Section
5.3.4 for details).
5.3 Materials and methods
5.3.1 Genomic SELEX
These procedures were performed by Christina Lorenz.
Via random priming, we constructed a representative PCR library of the E.coli genome con-
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taining overlapping sequences from 50 to 500 nt in length. Library fragments are flanked by
primer annealing sites for amplification and are preceded by a T7 promoter for transcription of
the library into RNA [56].
For selection of Hfq-binding RNAs, we incubated Hfq with the respective RNA pool for 30 min
at room temperature using near-physiological buffer conditions (150 mM NaCl, 0.8 mM MgCl2,
0.5 mM DTT and 50 mM TrisHCl pH 7.5). Subsequently, we employed filter binding to separate
bound from unbound species, recovered Hfq-binding RNAs via urea-mediated denaturation fol-
lowed by phenol/chloroform extraction and amplified selected sequences via RT-PCR [63]. For
the next SELEX cycle, obtained PCR products were again in vitro transcribed into RNA.
5.3.2 Sequencing and computational analysis
The sequences from round 9 of Hfq selection and round 9 of a control neutral selection were
tagged and sent to 454 sequencing among other pools as described [63] (see also Chapter 4).
In total, 9991 and 5894 of these sequences were identified as deriving from round 9 of Hfq
and control selection, respectively. Primer and T7 promoter sequences were removed. These
sequences were then aligned to the E.coli K12 genome (GenBank accession NC 000913) using
vmatch [73], taking only alignments with an E-value of at most 1 × 10−10, leaving 8865 Hfq
sequences and 5853 control sequences.
All sequences were analyzed for overlap and orientation to known features, based on all
available annotations from GenBank [82] and EcoCyc [90]. Clusters of reads were computed
by grouping all overlapping sequences, including sequences linked by a third sequence, and not
overlapping.
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5.3.3 Enrichment sequences
The value of an enrichment sequence at position p is defined as follows:
Ep =
|R|∑
i=0
Ip(Ri) (5.2)
where R is the set of aligned reads and Ip(Ri) is the indicator function equal to 1 if the ith read
falls within the position p. A more computationally efficient algorithm, requiring only the length
of the genome in space and the sum of the lengths of all aligned reads in time, goes as follows:
• Initialize two genome-sized arrays, E+ and E− to 0.
• For each position p contained in aligned read Ri aligned to strand s, add 1 to Esp.
For the sake of simplicity, the strand of enrichment sequences are generally not named in the
notation.
Base-level enrichment for each type of feature (CDS sense, CDS antisense, etc.) was calcu-
lated by summing the values of E that overlapped the feature at each position of the feature.
5.3.4 Translational signal enrichment calculations
Fold enrichment was calculated based on the enrichment sequences calculated surrounding an-
notated start and stop codons in the E.coli K-12 genome. The total enrichment at each position
from upstream 200bp to downstream 400bp of start codons, and upstream 400 bp to downstream
200 bp of start codons were binned and summed. These were then normalized to the total se-
quence aligned to the genome, i.e. Z =
∑|R|
i=1 l(Ri), where R is the set of reads and l(Ri) is the
length of the ith read. By definition,
∑|G|
p=1Ep ≡ Z, where Ep is the value of the enrichment
sequence at position p in the genome G. Thus, Z reliably normalizes the enrichment by scaling it
to the total enrichment in the genome, and Ep
Z
is always much less than 1 for any given position
in the genome. Calculating the fold enrichment by the normalized fraction of the aligned reads
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in this way prevents the bias induced by both the lengths of the reads and the total number of
reads sequenced in the separate pools from influencing the enrichment.
To calculate p-values of the positional sense:antisense ratios, the strands of all clusters were
randomized, the enrichment sequence recalculated, and the analysis performed as before. This
was repeated 1000 times. The null hypothesis was that the sense:antisense ratio was the result
of a few very strongly enriched clusters that were on one strand near a translational signal. Thus,
a greater or equal ratio of sense:antisense or antisense:sense of randomized fold enrichment
than the observed fold enrichment would fall under the null hypothesis. The reasoning can be
demonstrated by taking the example where only one cluster accounts for the fold enrichment
seen. Randomizing this would make the sense:antisense or antisense:sense ratio always equal to
the observed ratio, and the p-value would be 1. If only very few small clusters besides one large
cluster were causing the phenomenon, the ratio would frequently be greater than or equal to the
observed ratio. The p-value is therefore calculated as the number of randomized ratios that were
greater than or equal to the observed ratio over the number of randomizations.
The enrichment visualization and p-value calculation were done using R [84].
5.3.5 Computational motif discovery
This analysis was performed by Tanja Gesell.
The MEME version 4.1.1 program was employed on clusters containing 2 or more reads to
discover motifs in the RNAs occurring 1 or more times in each RNA (TCM model). Based on
the initial results, we re-ran MEME with fixed lengths of 7 and 8nt. The resulting motifs were
assigned E-values of 7.0×10−4 and 1.8×10−5, respectively.
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Cluster
Read Read Read
Read
E. coli K-12 Chromosome
Gene
GeneGeneGene
Transcriptional Unit
Structure
E-seqStructure
E-seq
Figure 5.4: The web portal database concept. The genomic aptamers web portal has a
flexible database schema. Unlike normal databases, all relationships are generic, shown with the
arrows. Reads are connected through mappings to the genome, which are connected to cluster
sequences based on their genomic location. Reports, such as enrichment sequences (“E-seq”) or
structure predictions are also generically attached, simplifying the addition of new analyses.
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Positional Fold Enrichment at Translational Start and Stop Signals of E.coli Operons 
sense
antisense−200 bp + 400 bp
sta
rt 
co
do
n
4
2
3.2 fold at −15
(p < 0.01)
−4.6 fold at +125
(p < 0.03)
−400 bp + 200 bp
st
op
 c
od
on
3.8 fold at +51
(p < 0.002)
−12.3 fold at −165
(p < 0.001)
Figure 5.5: Positional fold enrichment of genomic aptamers as compared to the control
selection surrounding translation signal codons. The upper part, in green, of the diagram
shows enrichment in the sense strand and the lower part, in yellow, aptamers on the antisense
strand. The dotted line represents a 1:1 ratio with the control and experimental selections. (A)
Shows enrichment surrounding start codons and (B) shows enrichment surrounding stop codons.
In both cases the highest peaks and lowest valleys are highlighted. p-values for the sense:antisense
ratios were computed, as described in Section 5.3.4.
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Chapter 6
Hill analysis to discover minimal genomic
aptamers binding RNA polymerases
6.1 Introduction
High-throughput sequencing promises many new frontiers in the genomics world, most notably
a grossly amplified amplified dynamic range as compared to microarrays, and an ostensibly non-
existent background signal. Applying high-throughput sequencing to Genomic SELEX pools can
give a clear picture of the landscape of genomic aptamers that were recovered in the sample.
However, no algorithms have been developed which specifically cater to the analysis of this type
of data. Normal RNA-seq experiments aim to determine the location of real transcripts recovered
from an RNA isolation, however, all sequences recovered from Genomic SELEX can be believed
to be genomic aptamers on their own. Treating each unique genomic aptamer as a separate
entity is impractical, since depending on the data and depth of sequencing, this could be on the
order of thousands or millions of genomic aptamers.
In this chapter, we discuss the issue of summarizing and finding consensuses for genomic
aptamers using a new algorithm of hill finding. This algorithm finds its basis in the enrichment
sequence, introduced in Chapter 5. We show that it greatly reduces the amount of data to be
tested for activity downstream of the experiment, isolates particularly highly enriched sequences
and provides a metric for the fitness of enrichment. We also use the enrichment sequence of
control samples to determine false positive rates and a background level of enrichment.
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6.2 Results and discussion
6.2.1 Hill finding
Upon examination of enrichment sequences as discussed in Section 5.2.3, it became apparent
that the distribution of reads among any given cluster could be very uneven. That is, some of
the cluster can be quite enriched while other parts resemble background levels. Thus it became
interesting to investigate how to pick out subregions of the cluster containing the enriched aptamer
as opposed to simply examining all parts containing alignments.
The task is not entirely trivial. The difference of enrichment levels among the different clusters
makes using an enrichment cut-off problematic, because an appropriate cut-off for an enriched
cluster might exclude another that never reaches the cut-off level of enrichment (see Figure 6.1).
We considered the possibility of simply taking the subregion in which the enrichment sequence
was above a certain percentile, however this does not scale. For example, if the percentile cut-off
were 99, any cluster up to 99 reads high would not contain an enriched aptamer region.
In order to provide an enrichment-independent method of determining the minimal binding
element, we developed an algorithm that followed from the intuition that clusters of reads found in
highly enriched genomic regions are flanked by abrupt increases of enrichment. That is, genomic
aptamers form enrichment patterns we will call “hills” beginning with a sharp increase and ending
with sharp decrease in enrichment called “cliffs” and containing a peak of enrichment called a
“peak”. The height of the peak is the height of the hill and represents a metric of enrichment
for the hill itself.
Hills can therefore be discovered by iteratively picking the steepest cliffs and determining it
a hill if it passes some validation criteria, e.g., the up-cliff is upstream of the down-cliff, the
hill is longer than the shortest reads considered in the analysis and the hill is higher than some
enrichment cut-off. The hill-finding algorithm is shown in Algorithm 1.
The algorithm begins by computing the approximate derivative of the enrichment sequence
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Figure 6.1: Cutoff dilemma. The disadvantage of using a flat cut off to determine significant
aptamers is that absolute enrichment varies highly between aptamers. In this example, the red
enrichment threshold of 100 makes the left aptamer sensible, but the right aptamer would be
entirely ignored. The brown threshold of 50 includes the right aptamer, but includes part of the
left aptamer which appear to be peripheral and not part of the significant binding domain.
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E, by subtracting the current value of E at each point in the sequence from the next value of
E and storing it to the same position in D. (E is defined in Section 5.3.3.) Since D is discrete,
sharp changes in enrichment will not always reflect an overall trend in increasing enrichment.
The algorithm must be able to distinguish between a single sharp change in enrichment and a
stepwise, but larger, change, since the latter would sometimes comprise a better cliff than a
single, slightly sharper change. Therefore, the algorithm employs smoothing by convolving D
with a user-defined window w surrounding the maximum of the normal (Gaussian) distribution,
resulting in the smoothed derivative δ. The algorithm proceeds with examining all candidate start
and end positions at a minimum distance from each other, the user-supplied l, along δ and inserts
them into a list along with the a score. The score is the sum of the net change on both sides of
the hill. The candidates are sorted by score, and all non-overlapping candidates are added to the
list of hills, highest scoring first.
Algorithm 1 The hill finding algorithm. Inputs are: E, the enrichment sequence, l, the minimum
hill length and w, the smoothing window. Symbols are defined in Chapter 9.
1: procedure Find-Hills(E, l, w)
2: D ← {Dn} = {En+1 − En} . D is the derivative approximation of E
3: δ ← {δn} = {
n+w∑
i=n−w
N (i;n, 1) ·Di} . Gaussian smooth D to get δ
4: C ← ∅ . List of candidate hills
5: for all (u, d) ∈ 1, |δ| such that d− u > l and δu > 0 and δd < 0 do
6: C ← C ∪ (u, d, δu +−δd) . For each hill, store the coordinates and “score”, the
sum of the cliffs.
7: end for
8: Sort(C) . Sort by greatest total cliff change (δu +−δd)
9: H ← ∅
10: for all c ∈ C do
11: if ∀h ∈ H, h ∩ c = ∅ then . check if any of the hills overlap
12: H ← H ∪ c
13: end if
14: end for
15: return H
16: end procedure
The worst case running time is O(|E|2 + |H| log(|H|)), where |E| is the length of the input
enrichment sequence and |H| is the number of possible candidate hills. All pairs of coordinates
for valid hills must be tested and inserted into the candidate list, thus requiring O(|E|2). The
candidate hills must be sorted, requiring O(|H| log(|H|)). |H| is, in practice, a lot less than
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|E|, depending on l and the qualifications given in Valid-Hill, such as enrichment threshold
or minimum δ value for a cliff.
Find-Hills is not an entirely new concept. CHromatin Immuno-Precipitation followed by
high-throughput Sequencing (ChIP-Seq) has given rise to many algorithms which attempt to
pinpoint the exact binding intensity of transcription factors during certain cell conditions and in
certain cell types. These algorithms analyze these data and find the “peaks” from the aligned
reads [94]. However, in ChIP-Seq experiments, fragments are size-selected, and thus the frag-
ments are computed assuming a certain length. Hills, on the other hand, containe genomic
aptamers of variable lengths, making peak-finding approaches inapplicable to hill finding.
The algorithm has a particular limitation in the situation where two or more genomic aptamers
are overlapping each other, and the hill signals are convoluted. It is questionable whether these
need to be de-convoluted, and furthermore how they could be de-convoluted. Both hills could
represent parts of a larger domain that binds the target protein, and due to the varying lengths
of the input reads, the two hills might be artificially, and thus perhaps artifactually, separated.
However, if two distinct species exist as separate binding domains, that may be interesting data
on its own. A new approach in ChIP-seq peak finding called the Genome Positioning System
addresses this issue [95].
Nevertheless, Find-Hills serves to discover regions of the genome with significant enrich-
ment of genomic aptamers, and thus can be used for better determining such syntenic hills, as
shown in the next section, as well as to find common areas of significant enrichment in multiple
Genomic SELEX experiments.
6.2.2 Hill-centric analysis of a contaminated RNA polymerase Genomic
SELEX experiment
Genomic SELEX was previously performed simultaneously to find RNAs that bind RNA Poly-
merases. Specifically, the genomic library that was used in the Hfq SELEX experiment was
targeted for E.coli RNA polymerase, and genomic libraries from S.cerevisiae and human placen-
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tal genomic DNA were subjected to selection for RNAs that bind S.cerevisiae RNA Polymerase
II (PolII). The rationale for using S.cerevisiae PolII on human sequences is the homology be-
tween the human and S.cerevisiae PolII, and the availability of ultra pure S.cerevisiae PolII, the
preparation of which was used for its crystal structure determination [26].
The final round of the E.coli pool and the final round of the S.cerevisiae pool were subjected
to paired end high-throughput sequencing, which sequence the 5’ end and then perform in situ
reversal of the molecule to sequences the 3’ end. This resulted in 2,364,832 pairs of reads for
the E.coli pool and 3,516,523 pairs of reads for the S.cerevisiae pool.
The human RNA sequences were also sequenced, however prior to this sequencing run using
454 technology, resulting in only 14,264 reads mapping to the genome (see Section 6.3.1).
Although the experiment was done at the same time, the difference in sequencing technology
serves as a technical replicate for the two pools of sequencing.
To identify the pools, a naming convention is used. All are called polymerase Binding Elements
(BEs), and are named by species. The E.coli binding elements are called ebes, the S.cerevisiae
or yeast binding elements are called ybes, and the human binding elements are called pbes,
for Polymerase Binding Elements, as they were the first to be sequenced. Furthermore, the
sequences derived from the genomic libraries are referred to as libebes from E.coli, and libybe
from S.cerevisiae. RNAs sequenced from the round prior to the increase in stringency in the E.coli
RNA polymerase Genomic SELEX experiment are referred to as preebes.
Contamination of the pools
Initially, the sequences were mapped to the genomes corresponding to the experiment done,
however, only 631,090 of the 2,364,832 ebe sequences aligned to the E.coli genome and 1,109,721
of 3,516,523 of the ybe sequences aligned to the S.cerevisiae genome. We then hypothesized that
the pools became contaminated during the experiment. To test this hypothesis, we constructed a
database which contained the human, S.cerevisiae and E.coli genomes. We treated this database
as a single genome, and still only took the mappings with the highest scores. This would therefore
68
ebe
630298 334104
574387
1
791 5841
ybe
108504934613
1118732
24670
2
69
Human
Yeast
E.coli
Figure 6.2: Overlap in contaminated reads. The Venn diagram shows which reads mapped
each genome exclusively, and between two genomes. No reads mapped to all three genomes.
The vast majority of reads mapped uniquely to one genome, indicating that the DNA pools were
contaminated during the experiment. Further evidence for this is the fact that the E.coli library
maps almost exclusively to the E.coli genome.
pick the most likely point of origin from all three genomes. The portion of aligned reads increased.
As can be seen in Figure 6.2, most of the reads mapped across genomes. Although this is an
unintended effect, the S.cerevisiae pool serves as an experimental duplicate to the pbe pool, as
both human and S.cerevisiae sequences were competitively selected for binding to PolII.
Reduction of sequence space with hill analysis
A key benefit of hill analysis is that it serves to reduce the total amount of sequence for down-
stream analysis. A traditional contig-centric analysis neglects the fact that parts of the sequence
are unenriched, resulting in longer sequences. Hill analysis applied to the 454 sequencing of the
human PolII Genomic SELEX reduced the overall length of the contigs that contained hills by
only 10%. Since Illumina sequencing results in more reads and thus more background sequences,
the reduction was much higher, 46%.
The use of hills in analysis also serves to split up sequences in contigs that would otherwise
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Figure 6.3: Syntenic hills. An advantage of the hill analysis is that it can discover aptamers in
nearby genomic regions. In this case, the left hill lies upstream of the E.coli yafL coding sequence
and the right hill lies within the coding sequence.
be joined to each other. This not only helps reduce the amount of sequence to test but also
reveals syntenic elements which may serve as separate binding domains of the same RNA (see
Figure 6.3).
Hills are reproducible
As previously mentioned, all pools in the RNA Polymerase Genomic SELEX experiments were
contaminated. While this is an unwanted effect, it did serve to provide interesting data on the
genomic specificity of the binding elements, as well as provide both a technical and experimental
replicates: Technical, because two different sequencing technologies, 454 and Illumina Solexa
sequencing were used and experimental, because the screens were done in parallel of each other
and were ostensibly identical due to the contamination. The 454 sequences from the pbe pool
were also analyzed for binding elements in the yeast genome. Interestingly, the corresponding hill
from the yeast pool, although orders of magnitude different in amplitude, are nearly identical in
shape (see Figure 6.4).
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Figure 6.4: Similar hills in experimental replicates. The left hill is taken from the PBE
pool, which ostensibly began from a human genomic library, and was later contaminated with
yeast sequences, and the right from the YBE pool, which similarly began with a yeast genomic
library. The predicted hills (underlined in red) differ when considering the lower, left part of
the peak, however, demonstrate statistically significant identity to each other (Wilcoxon pairwise
signed-rank test, p = 1.3× 10−5).
Hill structures
The structure of an RNA as it folds in vitro varies depending on the length and nucleotide content,
as well as the buffer and temperature conditions. However, if a stable substructure exists within
a larger molecule, it might not be affected as easily by trans interactions from distant parts of
the molecule. For example, riboswitches can be attached to reporter genes and still be functional
regardless the coding sequence of the message RNA. If hills contain significant structure, and the
context from the genome is irrelevant to that structure, then we would expect to see a lot of
variation in the lengths of the sequences, and a smoother cliff on either side. This can be see in
the right hill in the previous Figure 6.1. However, even in the case where hills are very abrupt,
the hill peak can still represent a strong, unique structure, as shown in Figure 6.5.
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Figure 6.5: Contig structure compared to its corresponding hill structure. Represented
here is the predicted secondary structures top enriched contig (left) and its hill (right). This
contig in particular contains a hill with very steep cliffs (not shown, but the “obelisk” shape
resembles the left hill in Figure 6.1), indicating that the hill boundaries could be very important
to the overall structure. The left top structure, however, has similarities to the right top structure,
although the predicted pairings are slightly different. (The hill bases, starting at contig position
43 and ending at 101, are shaded in beige.) The bottom two dot plots represent the base-pairing
probabilities of all structures in the ensemble. Along the two axes is the sequence (repeated on
all four sides), and the presence size of the dots within the square represent the likelihood of the
base pairing. The beige box represents the subsection of the plot which is a part of the hill plot.
The predictions are similar with and without the full contig sequence, and might indicate that the
structure is a module. Additionally, since the sequence surrounding the hill in the contig is hardly
represented in the final pool at all, the free bases on the 3’ end of the hill might be crucial for
binding, and might otherwise be protected by the base pairings shown in the upper left structure,
preventing binding.
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Figure 6.6: ACRO enrichment. Reads from the human PolII SELEX experiment aligned only
to the sense strand of the consensus ACRO sequence, forming two convoluted hills.
6.2.3 Hill analysis of repeat sequences
Many reads from the PBE pool were associated with repeat sequences (see section 6.3.1 for
details). Due to poor annotation of the repeats, individual variation in repeats and the uncertainty
of the sequence of the original library made it difficult to reliably place any of these sequences
to a particular region of the genome. So instead, we aligned them permissively to the consensus
sequences. An example of this can be seen in Figure 6.6, where the most enriched repeat sequence,
the ACRO satellite repeat, forms two distinct hills on the sense strand of the enrichment sequence.
6.2.4 Binding assays of hills to yeast PolII
In order to test whether the hills indeed comprise a sufficient amount of sequence required
for binding, we performed electrophoretic mobility shift assays (EMSAs) with some hills and
S.cerevisiae PolII. Some examples are shown in Figure 6.7. In the presence of 147 nM PolII,
the positive control, FC∗, formed a complex with PolII and additional PolII did not appear to
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intensify the amount of complex. It should be noted that the known Kd of FC
∗ is 32 nM
[31], so there is probably a discrepancy between the active concentration in our sample and the
measured concentration. However, this assay was used simply to confirm that specific binding
was occurring. We simultaneously tested the full ACRO hill, and binding occurred and all free
RNA was in complex. The lack of shifting of some of the FC∗ free RNA is most likely due to
degradation of some of the RNA. We discovered significant degradation by running a denaturing
PAGE (data not shown), thus the remaining free RNA could be simply the degraded fraction of
the RNA, which might be non-binding-competent. This degradation probably occurred in the
labelling reaction. Additional purification could be performed to alleviate this problem.
Given that 147 nM was sufficient to shift FC∗, we set out to test the top enriched hill. Using
only the minimal hill (60nt in length), the RNA was shifted into the complex band. In order
to control that the interaction was specific, we chose a random 60nt sequence not found in the
annotated human genome. It did not shift as the most enriched hill did.
In additional tests for specificity, we added competitor tRNA, however this appeared to interact
with the hill RNAs, making it impossible to see a band shift (data not shown). We were unable
to reproduce these results using heparin so far (data not shown).
From this data, we can conclude that the top-enriched PolII-binding hill binds to PolII specif-
ically. Additional tests to uncover the exact binding affinity, and others to compare the binding
affinity as it relates to hill height, should be performed, by titrating PolII.
6.2.5 in trans repression of PolII activity by human genomic aptamers
We were interested to see if the top enriched hill conferred any RNA PolII repression activity, as
Alu and B2 do (introduced in Section 3.3.2). We chose to use an in vitro system of HeLa nuclear
extract as a testing platform. Using a 330bp DNA template that is preceded by a cytomegalovirus
(CMV) promoter, we ran transcription reactions in the presence and absence of candidate PBE
inhibitors. The results are shown in Figure 6.8. The PBEs do not appear to cause significant
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Figure 6.7: Electrophoretic mobility gel shift assays of PBEs to S.cerevisiae PolII. (A)
Initial experiment using the positive control, FC∗, and the full ACRO hill (see Figure 6.6). Binding
seemed to peak at 147 nM, so the test in (B) was carried out with that amount of PolII. All lanes
in (B) are from the same experiment, with the interesting lanes cut out. Hill 1 is the top-enriched
60nt hill in the PBE pool, and “NH” is a random 60nt non-human sequence. Where all free RNA
is shifted in the Hill 1+ PolII lane, no RNA is found in complex with the “NH” sequence. This
shows that the hill itself is sufficient for specific binding to RNA PolII.
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inhibition at 50 nM, but neither does the positive control, Alu.
This assay was inconclusive, firstly, because the positive control did not exhibit inhibition
activity. In additional tests, we were able to observe inhibition from human Alu RNA, but only
at very high concentrations (> 500nM). Secondly, the amount of active PolII was not known, so
what could be considered a reasonable amount of inhibitor RNA was not known. One solution
would be to do a quantitative Western blot to estimate the concentration of PolII in the extract.
Furthermore, the FC∗ aptamer did not inhibit at any tested concentration (data not shown)
and it is known that over-expression of the FC∗ in S.cerevisiae cells does not exhibit a pheno-
type (Karen Adelman, pers. comm.). Both B2 and Alu are longer RNAs (177nt and 281nt,
respectively), and shortened versions do not act in vivo as well as full length ones, and some
interactions with additional factors may be involved in the inhibition [29, 27]. This lead us to
test the longer version of Hill 1 (Hill 1+), however the amount of inhibition is still within error,
as well as in repetitions of this experiment. Possible alternatives are to attempt to use higher
concentrations of the RNA, or determine, with a purified system, if direct binding inhibits its
activity. The original work that discovered FC used an assay with PolII only to determine its
inhibition activity [30]. Additionally, purified systems including general transcription factors are
commonly used, and were also used to assay B2 activity [27].
6.3 Materials and methods
6.3.1 RNA polymerase binding elements
Genomic SELEX was previously performed by an unpublished experiment by Federike von Pelchrzim.
Purified S.cerevisiae PolII was acquired as a gift from Patrick Cramer, and was purified as previ-
ously described [26, 96]. E.coli strain K12 RNA polymerase was purchased from Sigma-Aldrich
(cat. no. R7394). E.coli and S.cerevisiae DNA were isolated using standard protocols. Human
placental genomic DNA was purchased from Sigma (CAS number 9007-49-2) as template, and
E.coli B and S.cerevisiae DNA were isolated from cells, using standard protocols. The genomic
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However, the known inhibitor, hu-
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tests, very high concentrations of Alu
(>500nM) were required to observe
complete inhibition.
library was constructed as in [56]. Fragments of 50-500bp were size selected by separating and
excising the DNA in a 10% polyacrylamide denautring gel. RNA was preselected in each round by
running through a 0.2 µm nitrocellulose membrane. Flow-through was then denatured at 95◦C
and cooled to room temperature.
The binding reaction was done in a buffer containing 10 mM HEPES pH 7.25, 40 mM
NH4SO4, 10 µM ZnCl2, 1 mM KCl, 10 mM DTT, 5% glycerol, 10 mM MgCl2, 1.6 fmol of RNA
and E.coli RNA polymerase or yeast PolII. 100 µl reactions containing 1 µM RNA and 100 nM
protein were incubated for 30 minutes at room temperature. After the 5th round of pbe and ebe
selection, 100 µg competitor tRNA was added to the binding reactions, and selection was carried
out for a total of 7 rounds. The ybe selection was carried out for only 6 round and stringency
was not varied.
6.3.2 Computational analyses of pbe pool
Initial analysis of the pbe pool was taken from a previous, unplublished analysis by Doris Chen. 454
sequencing was applied to the pool after the 7th round of selection, yielding 221,875 sequences.
(It is available for viewing at http://alu.abc.univie.ac.at/pbe/). The sequences were
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mapped to the human genome build 18 as downloaded from the UCSC browser [97]. Primer
sequences were trimmed, requiring exact matches, discarding chimeric sequences. These were
mapped to the genome, requiring a minimum identity of 96% to the human genome. This reulted
in 14,264 reads that aligned to 531,304 regions of the human genome. Initial analysis grouped
these alignments into “contigs”, contiguous regions of multiple read mappings.
Additional analysis of the human 454 pool was perfromed by Marek Zywicki to discover
sequences from the human pool which map to the S.cerevisiae genome and for human repeat
sequences. In both cases, the alignment was done with bowtie [62], allowing two mismatches in
the “seed” of 28 bases in length, using the “tryhard” mode. If a sequence aligned more than
100 times, bowtie picked one was picked at random. The genomes were not repeat masked
for alignment, however, in order to analyze the repeats in the pool, a repeat annotation was
constructed by running RepeatMasker [98] in “sensitive” mode against the human genome using
Repbase version 14.04 [99].
For analysis of sequences aligned to repeat sequences, permissive settings were used for
alignments, as they were assumed to already have derived from the repeat region, regardless of
mapping quality. Segemehl was again used, but with the settings of accuracy filtering 70% and
allowing up to 3 differences in the seed search and only one mapping was reported. For the
database sequences, the consensuses from Repbase version 14.04 were also used, except that in
every case the consensuses were repeated twice, in order to align to regions that map over the
edge of the consensus.
Enrichment sequences were computed by adding 1
N
for each position that any given read
mapped to, where N is the number of times the read mapped to the genome, however, the top
hills discussed in this chapter contained only unique mappings.
For minimum free energy predictions (MFE), we used the Zuker algorithm [91, 92] and the
partition function algorithm by McCaskill [93], which calculates base pair probabilities in the
thermodynamic ensemble as implemented in version 1.6.5 of Vienna RNA Package RNAfold [42].
For visualizations of the secondary structures several options of the Vienna RNA packages were
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used.
6.3.3 Illumina sequence preparation and sequencing for libebe, libybe,
preebe, ebe and ybe pools
Pools of previously selected RNAs for E.coli RNA Polymerase and S.cerevisiae PolII (see Section
6.3.1 for experimental procedures) from their respective genomes were prepared for Illumina
Sequencing using PCR. Primers contained barcodes for pool followed by the fixed primers used
for SELEX. Specifically, the primers were BCfixFOR NNNNNGGAATTCGGAGCGGG and BCfixREV
NNNNNCGGGATCCTCGGGGCTG were used to amplify the pools, where “NNNNN” refers to the barcode
sequence. For no particular reason, the barcodes for the forward and reverse primers were different
for each pool. Barcodes were as follows:
Pool Forward Barcode Reverse Barcode
Yeast Genomic Library (libybe) AGTCC AGTTC
Yeast Round 6 (ybe) ACTGG ACTTG
E.coli Genomic Library (libebe) TACCG TACGG
E.coli Round 5 (preebe) TGAAC TGACC
E.coli Round 7 (ebe) TCAAG TAGCC
Sequences were prepared for sequencing by the Vienna Biocenter Campus Support Facilities
using a Illumina sample preparation kit. The samples were sequenced with an Illumina Genome
Analyzer II machine, using 76bp length and paired end sequencing.
6.3.4 Genome mapping
Sequences were separated by barcode by finding exact matches on both of the mate pair reads.
The fix primers were removed by using a customized version of the Smith-Waterman algorithm
[100] that required a complete match of the primer sequence, allowing only 2 mismatches for the
entire alignment. 3’ primer sequences caused by read-through were trimmed with the FASTX-
toolkit (Hannon Laboratory, unpublished), requiring a minimum match length of 6 nucleotides.
Sequences were quality trimmed also using the FASTX toolkit with a quality threshold of 15.
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Sequences without matching barcodes or primer sequences were discarded. Additionally, if a
sequence had, on either the read or mate, fewer than 20 bases after quality trimming were
discarded.
Sequences were aligned using a version of segemehl [101] obtained from the authors that
supports paired-end read mapping. As of writing, the version is not publicly available. To
accommodate the contamination of E.coli, S.cerevisiae and human sequences to all pools, a
segemehl index with all three genomes was constructed for mapping. The human genome version
19 and S.cerevisiae genome version 2 were downloaded from the UCSC genome browser [97].
E.coli strain K-12 substrain MG1655 was downloaded from GenBank [82] (accession MG1655).
The --hitstrategy 1 option was used, forcing the program to output all alignments with
the highest score. Alignments were required to have 80% identity to the genome.
Alignments were filtered on the following criteria: distance from start point of read and end
point of mate (insert size) was required to be at least 20 and at most 500 bp, and the segemehl
alignment score must be at least 20. When a read hit multiple regions, a random region was
chosen for analysis. This allowed for a more reasonable estimate of actual enrichment when
multiple hits were obtained, however, the multiple hits were retained in the case of determining
sequence overlap between genomes when determining the contamination.
An enrichment sequence (see Section 5.2.3 for definition) was computed for each chromosome
by adding a value of 1 to each base for the region between the beginning of the first read’s
alignment and the end of the second read’s alignment. Results from the libebe alignments to
the E.coli Chromosome were used for estimation of false positive rates. Assuming that the library
has no specifically enriched regions, all libebe enrichment can be considered false positives, and
thus the positive rate of the libebe pool is the false positive rate. Given a minimum aptamer/hill
length of 20, the false positives were calculated as
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FP (e) =
∑
r∈R(e)

L(r) : L(r) ≥ 20
0 : L(r) < 20∑
R(1) L(r)
(6.1)
where R(e) is the set of contiguous regions of the genome having an enrichment sequence
value of at least e, and L(r) is the length of a region. Thus the fraction of bases that would be
called positives in the control pool were considered the fraction of false positives. To account for
coverage bias, only regions of the genome containing aligned reads (R(1)) were used to normalize
the estimate.
Based on the estimate that FP (35) = .01, clusters were computed by finding all regions
of the genomes containing at least one run of length at least 20 greater than 35 in the en-
richment sequence. (See Figure 8.2 for an illustration.) These clusters and following anal-
yses were stored in database as described in Section 5.2.5, and made viewable on a website
(http://alu.abc.univie.ac.at/eybe/).
6.3.5 Hill finding
Hills were computed using the algorithm described in Section 6.2.1, based on the enrichment
sequences as computed above. Hill computation for ACRO elements were based on a manual re-
alignment of ACRO-associated reads to the ACRO consensus sequence, repeated twice to include
reads that map over the end boundary of the consensus. All plots were done with the python
implementation of matplotlib, pyplot [102] and R [84].
6.3.6 Gel shift assays
Purified S.cerevisiae PolII was used, described in Section 6.3.1. Experimental RNAs were tran-
scribed with T7 RNA polymerase in 100 µl reactions using 400 nM template DNA, 5mM NTP,
26 mM MgCl2, 50 mM DTT, 20u RNAsein RNAse Inhibitor (Promega cat. no. N2511), 1x NEB
RNA Polymerase Buffer and 100u T7 RNA Polymerase (NEB cat. no. M0251L). Reactions took
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place at 37◦C for ≥4h, or overnight. The reactions were DNase treated with 20u DNaseI (NEB
cat. no. M0303L) 2x for 0.5h each. Reactions were then PCI extracted and ethanol precipitated.
Pellets were resuspened in loading buffer containing 8M Urea, 5 mM Tris pH 7.5, 20 mM EDTA
and trace amounts of xylene cyanol and bromphenol blue dye. Samples were boiled at 95◦C for
≥2min. RNAs were resolved purified on a denaturing polyacrylamide gel containing 8% 19:1
Acrylamide:Bisacrylamide, 8M Urea and 1X TBE. Gels were run at 27W until blue dye ran out.
Gel bands were visualized by UV shadowing, excized, and eluted overnight in 400µl elution buffer
containing 10 mM TrisCl PH 7.5, 0.1% SDS 2 mM EDTA and 0.3M NAOac. Samples were again
ethanol precipitated to exchange out the buffer for deionized water.
The exception was the ACRO RNAs, which were ordered from Dharmacon and designed by
Jennifer L. Boots.
Experimental RNAs were end-labeled in 10 µl reactions containing 10u polynucleotide kinase
(PNK, NEB catalog #M0201L), 1x NEB PNK Buffer, 1.6 pmol RNA and 1.6 pmol γ32P-ATP.
Samples were incubated at 37◦C for 30 minutes and unincorporated nucleotides were removed
using GE illustra micro-spin G-25 columns (GE catalog #27-5325-01) using the provided protocol.
10 µl were carried out with the same binding buffer used in Section 6.3.1. 10 µl reactions were
incubated at 30◦C for 10 minutes.
Free RNA and RNP conplexes were resolved on a 4% 37.5:1 native Acrylamide:Bis-acrylamide
gels containing 5% glycerol, 5 mM MgCl2 and 0.5x TBE. Running buffer was also composed of
5% glycerol, 5 mM MgCl2 and 0.5x TBE. 10 µl of 30% glycerol and 2 µl of 25% ficoll were
added to samples prior to loading. Gels were run for 5 hours at 150V. Gels were dried for 1 hour
at 80◦C and exposed on an Amersham Biosciences PhosphoImager screen. Gels were rendered
with the ImageJ analysis software. All EMSAs with ACRO RNAs were carried out by Jennifer L.
Boots, in an identical fashion to the others.
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6.3.7 In vitro transcription assays
Transcription was carried out using the HeLaScribe HeLa nuclear extract manufactured by Promega
(catalog #E3092). A DNA template containing an 77bp leader sequence, a 756bp cytomegalovirus
immediate-early gene (CMV) promoter and a 354bp template. Extract buffer contained 20 mM
HEPES pH 7.9, 100 mM KCl, 200 µM EDTA, 500 µM DTT and 20% glycerol. 1 unit nuclear
extract was added to extract buffer to a final volume of 11 µl. Reactions contained 50 nM
RNA, 3 mM MgCl2, 0.4 mM A-,C- and UTP, 0.016 mM GTP, 64 nM α
32P-GTP, 40U RNAa-
sein (Promega #N251B). When DNA transcription was assayed, 100 ng of template was added
after 5 minutes of incubation at 30◦Cfor a final volume of 25µl. Transcription took place for 60
minutes at 30◦C. 225µl stop solution was then aadded, which contained 0.3M Tris-Hcl pH 7.4,
0.3M NaOAc, 0.5% SDS, 2mM EDTA and 3µg/ml tRNA.
Samples were extracted by addition of equal volumes of phenol-chloroform-isoamylalcohol
25:24:1 (PCI), vortexing and centrifugation at 13.2 x g for 5 minutes. Samples were then ethanol
precipitated by addition of 2 volumes absolute EtOH and 30 minutes of centrifugation at 13.2
x g at 4◦C. Samples were resolved in an an 8% 19:1 Acrylamide:Bis-acrylamide denaturing gel
containing 8M urea in 1x TBE buffer. Samples were run at 27W until bromophenol blue dye
ran out of the gel, after which the gel was dried for 1 hour at 80◦C and exposed overnight on
an Amersham Biosciences PhosphoImager screen. Gels were rendered with the ImageJ image
analysis software.
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Chapter 7
Concluding Remarks
The results contained in this dissertation are admittedly diverse, however point out many param-
eters and implications of applying Genomic SELEX for the discovery of novel ncRNAs. As a result
of this work, we have pushed forward both the repertoire of analyses of Genomic SELEX pools
as well as genomic aptamers in general. We firstly discovered that the signals from positively as
compared to neutrally selected pools are significantly stronger. We then applied new methods to
find a genomic consensus of locations of Hfq-binding genomic aptamers in the E.coli genome.
Finally, we proposed that specific genomic aptamers can be more carefully resolved with the
application of hill finding, in cases where the final pool is more diverse or derives from a more
complex genome.
Lessons from Neutral SELEX
While the Neutral SELEX experiment was devised in order to uncover biases in the Genomic
SELEX procedure, the general conclusion is that SELEX is a very strong tool for the discovery of
novel aptamers. The process seems to select shorter and less structured genomic aptamers, but of
highly significant, specific nucleotide content. This would indicate that the strongest interactions
detected are those of base-protein interactions, and that the aptamers isolated represent some-
thing closer to the minimal required aptamer, “cutting out” the portions in the genomic context
which do not confer the binding activity. This could be anticipated, since specific binding occurs
with base-interactions, given that the requisite structure to conform to the protein structure is
present.
84
Since the publication of the paper redacted for Chapter 4, another Neutral SELEX-like exper-
iment was carried out, inspired by our work, by Thiel and colleagues [103]. The group generated
an artificial library with a 20nt variable region and 31nts of fixed stem structure surrounding it.
The authors sought to isolate the step of the process most responsible for the slight nucleotide
bias observed in our work. They observed that the T7 transcriptase did not exhibit a significant
nucleotide incorporation bias when comparing yields of A-rich and A-poor transcripts, suggesting
that the reverse transcriptase is indeed the limiting factor for transcription. Interestingly, they
observed a different trend in nucleotide incorporation: a significant decrease in adenosines. This
trend was found in both positively and neutrally selected pools. Additionally, the predicted sec-
ondary structures were more stable than the structures from the initial, randomized library. This
is in conflict with our results and results from Meyer and colleagues [68].
If we are to take this into consideration, these results would suggest that the initial library
is influential to the selection bias. The main difference between their library and ours is that
the flanking sequences of these artificial libraries always form a stem structure, and the initial
denaturing of this structure may be the more important step to allowing the reverse transcriptase
to read through the RNA. Additionally, this would indicate that the bias is not universal for all
types of starting libraries. Thus Neutral SELEX is advisable to perform as a parallel control
whenever performing SELEX.
Many more Hfq genomic aptamers in the E.coli genome than
previously discovered
As previously mentioned, the nucleotide content appeared to be the strongest signal when consid-
ering the neutral and positive selection forces of SELEX. Indeed, in the analysis of high-throughput
data derived from an Hfq Genomic SELEX, the known binding motif, AAYAA, was prominent.
Many other regions of the genome containing this motif were discovered, although all such motifs
were not included in the final pool. This might indicate a structural requisite for binding, i.e. the
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motif must be in an unpaired region of the folded RNA.
The antisense regions of transcriptional start and stop signals were enriched in the Hfq Ge-
nomic SELEX pool. This was determined by comparing the normalized enrichment of the posi-
tively and neutrally selected pools, and calculating fold enrichment. What is interesting to note
is that when using the initial genomic library instead of the neutrally selected pool as the back-
ground model, the relative enrichment is higher, although in both cases, the peaks from the
positively selected pool were in the same positions (data not shown). This might indicate that
these regions are less structured in general, since less-structured RNAs were neutrally selected.
The concentration estimates of intra-cellular Hfq present a difficulty in reconciling the rate of
sRNA- and Hfq-mediated mRNA degradation in E.coli cells, as sRNA and mRNA estimated to be
much more abundant than Hfq. The passive dissociation rates of Hfq-RNA complexes are quite
slow, on the order of a 150 minute half life. In order to explain rapid regulation in the context of
such slow rates, Fender et al [23] recently proposed a model based on experimental data. They
show their data fit a model of rapid cycling of RNAs bound to the protein, facilitated by the
presence of competitor RNA. They propose that the RNA enters a tightly bound state and can
quickly change to a more weakly bound state. From this state, the RNA either dissociates and
cycles or returns to the tightly bound state. This cycling could be seen as an active trial-and-error
mechanism for finding Hfq aptamer binding partners. This is supported by the fact that Hfq binds
more stably to sRNA-mRNA binding partners.
What does this mean for our Hfq Genomic SELEX experiment? If Hfq was behaving in our
binding assays similarly, then the molar excess of RNA would cause active cycling and favor
association of RNA binding partners as well as Hfq-binding RNAs. A combinatorial search for
RNAs with complementary or semi-complementary sequence in our pool might reveal new active
binding partners for Hfq-mediated regulation. We are currently working to investigate these
possibilities.
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Hill finding is a meaningful measurement for individual ge-
nomic aptamers
Find-Hills as a downstream Genomic SELEX analysis shows a lot of promise to correctly
identify binding genomic aptamers. Not only have the enrichment patterns identified such PolII
binding elements, but E.coli RNA Polymerase elements. Experiments done in Evgeny Nudler’s
lab had previously identified an aptamer that, when introduced into an in vitro transcription
system, confers early termination of a transcript. After high-throughput sequencing of our pool
and hill analysis, further experiments showed that the hill peak alone contains the identical region
confers the same activity previously shown. The analysis has only recently been applied, and we
anticipate many more such discoveries will be made.
Interestingly, however, the functional assays did not turn up positive for regulation of PolII
activity. A similar result was also observed in attempts to use the FC∗ aptamer in in vitro
extract systems and in vivo experiments. Given the affinity of FC∗, being similar than that of
the known PolII inhibitors, this is likely the result of other factors preventing its binding in these
assays. In vitro results indicate that only a short part of B2 and Alu RNAs is required for direct
binding and inhibition, however the in vivo full-length transcripts are much longer. This might
indicate that some genomic context is required for these aptamers to work, as binding domains
for PolII-associated factors.
Two approaches could give a clearer picture: from the in vitro side, purified polymerase alone
could be tested for transcription activity in the presence of enriched hills, and on the larger scale,
randomly hydrolyzed RNAs in genomic context of the hills could be tested. Even furthermore,
Genomic SELEX could be performed on PolII-associated factors in the pre-initiation complex or
even the complex itself. Hill analysis on several factors may elucidate syntenic aptamers that
serve as better candidates for in vivo inhibitors of PolII.
Finally, we would like to devise a hill de-convolution feature for the Find-Hills algorithm.
In the context of functional and binding assays, it would be interesting to see which types of
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hills, when de-convoluted and assayed separately, confer equal or greater binding. We have not
presented a method to detect this in silico, besides statistical tests confirming the presence of
two distinct distributions of genomic aptamers. If secondary structure predictions differ greatly
when the hills are taken separately, for example, this could be taken as in silico evidence that the
aptamers are distinct and should be treated separately. However, the fastest and easiest approach
may be to simply test such convoluted hills, manually de-convolute them and determine whether
these hills behave differently apart from each other. Initial experiments would indicate that this is
the case: the ACRO convoluted hill (Figure 6.6) binds PolII both in its full form and the manually
determined 5’ hill.
Finally
Taken as a whole, these experiments and methods indicate that the RNA-protein interaction
network is both wide and largely uncovered. The majority of the polymerase-binding and Hfq-
binding genomic aptamers were not of known transcripts, but many of them have been confirmed
to be expressed in vivo. As we continue to refine these techniques and explore the range of
genomic aptamers discovered, we anticipate many more new mechanisms and regulatory functions
of ncRNAs will be discovered.
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Chapter 8
Enrichment and SELEX Cycles (Appendix)
8.1 Introduction
Enrichment of specific RNA sequences indicates their binding affinity are stronger than others. If
the bait is expected to bind specific RNA sequences, the homogeneity, or lack of diversity, of a
given pool can be taken as an indicator of the progress of SELEX. As fewer species exist within
a given pool, the more difference can be seen between their binding affinity, since the sequencing
result will have more of the winning sequences, the precise differences in fold enrichment will be
a clearer signal and thus a clearer indicator of the RNA’s affinity, relative to the other RNAs, to
the bait.
In this chapter, we will discuss some of the observations made from the progressing cycles
with regards to enrichment and homogenization of SELEX sequences in progressive rounds of
selection. This will deal with four pools of data: the first, Neutral SELEX pool, the Hfq SELEX
pools including the pool prior to increased stringency, and the SELEX pools for E.coli RNA
Polymerase and S.cerevisiae RNA Polymerase II.
According to the Genomic SELEX protocol, the overall enrichment should be measured by
the amount of RNA recovered after the selection step as a percentage of the input [56]. This
indicates the percentage of binding species that the pool contains. This does not, however, speak
directly to the relative diversity of the current pool as opposed to the previous one. In order to
get a clearer readout of the strongest binding species as opposed to the least ones, a stratification
of enrichment between species is desirable. That is to say, if all binding species are within, say,
4-fold molar amounts, that is less informative than if the most binding species were 1000-fold
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more enriched.
As sequencing technology becomes faster and cheaper, using these analyses can also be
performed during the SELEX process to determine if the desired effects are being achieved through
changes in the binding conditions and whether enough or too much selection has been performed.
Additionally, direct sequencing of the initial library can be informative prior to performing Genomic
SELEX.
8.2 Results and Discussion
As mentioned in Chapter 4, in addition to the neutrally selected pools, the initial library (“library”),
the pool before an increase in binding assay stringency (“H5”) and the final pool (“H9”) were
all sequenced. While we did not use the H5 pool to detect any aptamers, it was interesting to
see the differences in enrichment between the initial pool, H5 and H9. In order to do this, we
analyzed the number of times that a base in the genome whose enrichment sequence was at or
above 2, 3, 4, and so on, and normalized it to the total number of aligned bases in each pool,
shown in Figure 8.1. The stratification, or in other words, the dynamic range, of the pools after
5 rounds of Genomic SELEX was barely greater than that of the initial genomic library, however,
after only 4 rounds with increased stringency, the maximum jumped from 16 to 384. This made
it possible to more reliably determine the differences in binding viability of the resulting genomic
aptamers.
When doing a similar analysis for the E.coli Genomic SELEX for genomic aptamers binding
E.coli RNA polymerase, the results were quite different. (This is also the analysis that was
done to determine an enrichment threshold for a 1% false positive rate in Section 6.3.4.) In
this case, the stratification did not increase as a function of the total number of bases with
a higher enrichment threshold did not increase as a result of increasing the stringency of the
binding assay. Nevertheless, the stratification of the sequences in the final pool was satisfactory.
It could have probably been seen that this was already the case, had sequencing been done
concurrent to the experiment, that the pool after the 5th round was satisfactory for analysis, or
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that additional rounds with increased stringency would have elucidated a more stratified pool of
selected apatamers.
Another valuable control that high-throughput sequencing can provide for comes with regard
to controlling the even representation of the genomic library. As shown in Figure 8.3, the initial
S.cerevisiae genomic library contained a significant bias toward two nearly identical regions of the
genome, and furthermore, that the yeast genomic library is even less evenly distributed than that
of the final pool. Even coverage, could, in theory, be unnecessary. It has been demonstrated that
SELEX is capable of selecting sequences that are 106-fold less enriched than the initial library
[104], and some such uneven coverage might not have a negative effect. However, it is certainly
necessary that the whole genome be completely represented.
All of the above suggested applications of high-throughput sequencing in the midst of Genomic
SELEX are not feasible with the technology available at the time of writing. A single run with
an Illumina Genome Analyzer takes nearly two weeks, and the capacity of the machine must be
filled before it can be run with any sort of economic efficiency. However, the technologies on
the horizon, such as the Ion Torrent [59], promise to provide not only cheaper, but much faster
sequencing, and could make it possible to carry out such analyses in parallel to a Genomic SELEX
screen.
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Figure 8.1: Enrichment stratification as a function of enrichment stringency. (A) Shows
the recovery in % of the RNA before filter binding, in each round. Since the RNA is in 10-fold
molar excess of the protein, nothing above 10% is expected. (B) The enrichment levels drastically
changed after increasing the stringency. The chart shows the cumulative frequency (y-axis) of
bases at increasing enrichment depths (x-axis). The bar labeled “1” represents the fraction of
bases in the aligned regions of the genome from each pool that have enrichment depth of 1
or greater (so it is 1.0), “2” represents 2 or greater, and so on. No sequences from H5 were
enriched at a depth greater than 16, barely clearing the background levels from the library, which
had a maximum depth of 10. In just 4 more rounds of selection with increased stringency, the
maximum enrichment depth leapt up to 384. This provides a much clearer stratification of the
tightly binding from the less competitive species. Reprinted with permission [71].
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Figure 8.2: An ineffective increase in stringency. This figure is similar to Figure 8.1, except
that it was applied to a pool sequenced with an Illumina Genome Analyzer, and involves many
more alignments. The “preebe” line represents the enrichment depths for sequences prior to
the increase in stringency, similar to that in Figure 8.1, the “ebe” line represents the enrichment
depths after and the “libebe” line represents the enrichment levels of the initial library. Unlike
the previous result, the increase in stringency had, if any, a negative on the dynamic range of the
pool.
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Figure 8.3: Distribution of cluster sizes among sequenced yeast and E.coli Genomic
SELEX pools. Here we see the distribution of the cluster sizes in each sequenced pool from
the E.coli RNA polymerase and S.cerevisiae PolII Genomic SELEX experiments. (This follows
a similar scheme to that of Figure 5.2.) All clusters below the 1% false positive rate of 35 are
represented in gray. As should be expected, all but 1% of the library pool, from which the false-
positive rate was determined, are gray, or non-enriched. The preebe and ebe pools increase
nearly equally in stratification of cluster sizes, as suggested in Figure 8.2. Mysteriously, though,
the initial library of the S.cerevisiae genome clusters in many specific regions, even more so than
the enriched pool. Had it been possible to sequence the yeast library prior to going through rounds
of selection, this problem could have been addressed. On the other hand, the final selected pool,
“ybe”, is wholly different, and these enriched sequences are not so enriched in the final pool
(data not shown). Since SELEX is capable of enriching sequences that occur in a tiny minority
of the initial pool, simply covering the whole genome may be sufficient for any initial genomic
library.
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Chapter 9
Glossary
Genomics terms.
DNA Deoxyribonucleic Acid, the stable, double-stranded carrier of genetic
information, made up of a chain of deoxyribonucleotides, which are
adenine, guanine, cytosine and thymine (abb. A,G,C,T).
RNA Ribonucleic Acid, the less stable nucleic macromolecule, general
transcribed from DNA by an RNA Polymerase, usually single
stranded, made of chains of adenine, guanine, cytosine and uracil
(abb. A,G,C,U).
phenotype the physical, apparent characteristics of an organism.
genotype the information encoded in the genome of an organism.
ribonucleosides molecules containing a base and a sugar, associated with RNA
chains.
deoxyribonucleosides molecules containing a base and a sugar, associated with DNA
chains.
in vivo in the living cell or organism.
in vitro outside of a living cell, in a laboratory (in solution).
in silico in a computer (silico=silicon, the material from which computer
parts are made.
purine adenine and quanine.
pyrimidine cytosine, thymine and uracil.
bp “base pair”–a single pair of matched nucleotides on a double
stranded DNA molecule
kilo-, mega-, gigabase 1× 103, 1×106 and 1× 109 base pairs, abbreviated kb, mb and gb
respectively.
locus (pl. loci) Any region of the genome that is the site of a gene, transcript,
binding site or any other type of feature.
sense and antisense “Sense” and “antisense” refer to the direction of transcription of a
particular gene with respect to strand. The sense strand is usually
the canonical protein coding gene or regulatory sequence, whereas
the antisense strand is generally a ncRNA. However the term anti-
sense can be used to describe anything that is transcribed on the
opposite strand of another feature.
homolog a gene that, according to sequence similarity, can be presumed to
have an equvalent function as in another oganism
5’, 3’ These terms refer to positions in the sugar ring in nucleotides pro-
truding the ends of a DNA or RNA molecule. They are used to
define the beginning and end, respectively of a DNA or RNA, and
the direction of RNA and protein synthesis proceeds from the 5’ end
to the 3’ end of DNA.
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Basic biochemical methods.
Polyacrylamide gel electrophoresis (PAGE) The use of an polymerized acrylamide mesh in
gel form, whose small pores slow the migration
of biomolecules through the gel. Direct electric
current is run through the gel, with the negative
pole at the top. Since RNA and DNA have a
negative charge, the molecules migrate to the
bottom of the gel, lightest/smallest ones first,
allowing size separation of different molecules in
“bands”.
Agarose gel electrophoresis The use of agarose gel, with larger pore sizes
than polyacrylamide, for size separation, using
the same electrophoretic principle.
Sanger sequencing The use of PAGE to sequence an RNA or DNA
molecule. In the case of DNA, the molecules are
copied with small amounts of terminating nu-
cleotides (ones that cannot be further polymer-
ized) in four samples, one for each of A,C,G or
T terminating nucleotides. The DNA is either
end-labelled using γ32P-ATP or resolved using
ethedium bromide staining. In the case of RNA,
different RNases can digest the RNAs randomly
at certain nucleotides, and the sequence is also
resolved in four lanes of a polyacrylamide gel.
reverse transcription Incubating a reverse transcriptase with RNA and
DNA oligo primers to transcribe RNA into com-
plementary DNA (cDNA).
polymerase chain reaction (PCR) A reaction to exponentially amplify a segment
of DNA. A high excess of DNA olgio primers
on the forward and reverse strands, 5’ and 3’
ends, respectively, of the target segement of
DNA are incubated with template DNA contain-
ing the target, deoxyribonucleotides and a DNA
polymerase. Cycles of DNA denaturing, primer
annealing and primer extention are repeated to
(theoretically) double the amount of target dur-
ing each round.
cloning In this dissertation, refers mostly to bacterial
cloning, in which a circular piece of DNA called a
plasmid is transformed (inserted) into a bacterial
cell, and the bacteria grown to clone the DNA
exponentially. The plasmid DNA can be isolated
from the endogenous bacterial chromosome and
the purified DNA sequenced.
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immunoprecipitation the use of antibodies, proteins that specifically
bind another target protein, to isolate a target
protein from a cell’s total protein, or any sam-
ple of proteins, for that matter. The word “co-
immunoprecipitation” refers to using immuno-
precipitation to isolate other molecules, DNA,
RNA and/or protein, which are found to already
be bound to the target protein.
Cell biology.
virulence ability of a virus or bacteria to infect a host organism.
motility ability to move actively and at any time.
deletion strain a version of an organism lacking a specific gene.
prokaryote An organism lacking a nucleus in the cell, often unicellular
eukaryote An organism containing a nucleus in the cell, common to all higher
forms of life.
metabolite Intermediates and products of metabolism, which is the processes of
building and breaking down chemical substances for sustaining life.
E.coli A species of bacteria that is widely studied, often in a non-virulent
form.
A species of yeast, a single-celled eukaryotic organism, that is widely
studied.
Algorithm symbols.
∅ An empty list.
← Assignment operator. The left side receives the value on the right
side. e.g. C ← ∅ means C gets an empty list.
a, b A sequence of the range of numbers between a and b. For example
1, 5 is the sequence {1, 2, 3, 4, 5}.
|L| The bars on the side indicate that this is the length of the sequence
L. If L is 1, 5 then |L| is 5.
∈ Can be read as “in”. e.g. for all i ∈ 1, 5 starts a loop that sequen-
tially sets i to the numbers 1, 2, 3, 4 and 5.
∀ Can be read as “for all” This is used in predicates such as ∀i ∈
L, i < 5, which translates to “for all values in L, each value is less
than 5”.
L,Li A capital letter (in this case, L) represents a list e.g., {1, 2, 3, 4, 5}
and Li represents the ith item of that list, e.g. L3 = 3.
{Fn} = {Fn−2 + Fn−1} The symbol for a sequence of indeterminant length. In this example,
the fibonacci sequence is defined, and, when F0 = 0 and F1 = 1, is
equivalent to writing out the sequence {1, 1, 2, 3, 5, 8, 13, 21, 34 · · ·}.
∪ The union of two entities, e.g. {1, 2} ∪ {3, 4} = {1, 2, 3, 4}.
∩ The intersection of two entities, e.g. {1, 2, } ∪ {2, 3} = {2}.
N (i;µ, σ2) Shorthand for the value at i normal (Gaussian) distribution with
mean µ and standard deviation σ.
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